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ABSTRACT 
Strategies for the exploitation of multiple QTL identified in breed crosses for genetic 
improvement of livestock were examined through marker-assisted introgression (MAI) and 
marker-assisted selection (MAS).  Evaluation of the effectiveness of alternate strategies for 
MAI and MAS were carried out using stochastic computer simulation.  In general, 
introgression of multiple QTL and maintaining the frequency of the donor’s allele at 50% 
requires large population sizes that are not feasible in livestock.  An alternate selection 
approach for MAI of multiple QTL was developed for a breeding program of limited size, 
without requiring the selected candidates to be heterozygous at all loci during the 
backcrossing phase.  This MAI strategy can enrich a breed with favorable alleles at multiple 
QTL from a donor breed at the end of intercrossing phase, even for 20 cM marker intervals 
around the QTL.  An alternate strategy to use QTL from breed crosses is to apply MAS 
within the cross for development of synthetic lines. A model that is suitable for genetic 
evaluation was developed and evaluated based on a cross of inbred lines with previously 
detected QTL regions.  Based on genetic gains and ease of implementation, the preferred 
model for MA-evaluation included fixed marker effects and polygenic effects (BM).  It was 
shown that even marker intervals of 20 cM resulted in a superiority of MAS over BLUP 
selection using phenotypes only.  A two-stage strategy for MA-synthetic line improvement 
involves QTL detection in the first and MAS on the identified QTL in the second stage.  
Backward elimination regression was used for QTL detection.  MAS using the model BM 
resulted in significantly higher responses compared to selection on BLUP from phenotype, 
although MAS was subject to false positives and inaccurate marker estimates.  Genomic 
selection in a cross between inbred lines on all marker intervals across the genome regardless 
 xiii
of significance was evaluated as an alternative to 2-stage MAS on significant QTL regions 
only.  The results showed that genomic selection is an approach of choice for genetic 
improvement in livestock, in particular when marker effects are treated as random (ridge 
regression) rather than fixed.  Even though a constant prior variance was used for marker 
effects in random MAS, the regression of marker estimates towards zero reduced sampling 
errors of estimates, especially when true QTL effects were zero.  The difference between 
genomic MAS and two-stage MAS depends on the significance threshold used in the QTL 
detection process.  The MAS strategy should always include polygenic effects in models for 
genetic evaluation when using the two-stage strategy of MAS in crosses of inbred lines.  
With genomic MAS, polygenic effects had a limited impact on responses to selection.  
Benefits of MAS over BLUP were higher with low heritability. In conclusion, QTL 
identified QTL from sparse marker maps obtained from breed crosses of inbred lines can be 
utilized efficiently through MAI and MAS.   
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CHAPTER 1   
GENERAL INTRODUCTION 
Most economic traits for agricultural plant and animal species are quantitative; that is, 
the phenotype of the trait is continuous and is affected by multiple genes and the 
environment.  As a result, genotypes cannot be inferred unambiguously from phenotypes.  In 
order to select animals for the next generation, measurements of phenotypes, which represent 
the collective effects of all genes and the environment, are required. 
There are several disadvantages to selecting individuals based on a quantitative 
approach.  One is the imprecision of estimates of breeding values obtained from phenotypic 
data.  In addition, some traits have low heritability, have phenotypes that are difficult to 
measure, are sex-limited, cannot be phenotyped before selection decisions must be made, or 
have antagonistic relationships among traits (Dekkers & Hospital 2002).  Therefore, directly 
selecting on the genes affecting these traits through the use of molecular data would be 
beneficial for their improvement.  Using certain variations in DNA sequences through 
molecular markers as a direct tool to identify individuals carrying favorable alleles at the 
linked genes that are involved in the expression of the trait of interest is promising (Soller & 
Beckmann 1983; Bovenhuis et al. 1997). 
The additive genetic variation is used to find an association between molecular 
markers and specific genomic regions that contribute to quantitative traits, called quantitative 
trait loci, or QTL (Visscher et al. 2000).  Two main approaches that can be used to detect 
QTL are the candidate gene approach (Rothschild & Plastow 1999) and the genome scan 
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approach (Andersson 2001).  The genome scan approach, which is emphasized in this 
research, makes use of the association between markers and phenotypes and the co-
segregation of markers and QTL to identify potential QTL regions.  The detected regions 
from a genome scan are generally large (10-20 cM).  As a result, the number of markers 
required for mapping is not high. 
Several statistical methods for QTL mapping have been developed in livestock.  Least 
squares interval mapping with flanking markers (Xu 1998) is one of the most widely used 
statistical methods to detect QTL because it is relatively easy to compute and sufficient for 
screening large populations for specific traits.  Least squares interval mapping was used to 
detect QTL in this research.  
In pigs, several QTL for economic traits have been found that segregate between 
breeds using the F2 design (Andersson 2001; Malek et al. 2001a; Malek et al. 2001b).  Using 
QTL that are detected in such a population in another closed outbred population is difficult 
due to (1) the requirement of determining whether the QTL in the F2 are segregating in the 
outbred population; (2) unknown linkage phases in the new population; and (3) possible 
interactions between the QTL and background genome.  Thus, selecting within a composite 
line established by crossing or backcrossing two or more breeds is the strategy of choice for 
using QTL detected from a cross.  A composite line integrates favorable qualities of different 
breeds.  Molecular markers can be used to enhance genetic improvement of a composite 
through marker-assisted introgression (MAI) or/and marker-assisted synthetic line (MAS) 
development (Dekkers & Chakraborty 2001). 
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The standard strategy for incorporating markers in selection programs includes two 
stages: (1) QTL detection, and (2) use of the detected QTL for MAS.  Estimates of position 
and effect of QTL detected in the first stage in genome scans are typically not accurate.  
False positives and uncertainty of parameters can affect the number of postulated QTL and 
the efficiency of MAS.  The number of detected QTL that will be used for selection depends 
on the level of the significance threshold used for QTL detection.  One strategy that has been 
proposed to solve the problem of false positives is to use all markers regardless of 
significance for MAS, which is called genomic selection (Meuwissen et al. 2001). 
Even though large numbers of QTL have been detected in both crop (Gibson 1999) 
and livestock species (McRae et al. 2002), the use of detected QTL data for breeding 
programs remains limited.  With many QTL being detected in breed crosses, there is a need 
to further investigate the possibilities of directly using such QTL for enhancing genetic 
improvement.  This includes (1) strategies for introgressing multiple QTL in livestock 
populations; (2) identification of models for genetic evaluation for MAS in crosses; and (3) 
evaluation of the efficiency of the standard MAS and genomic selection in crosses.   
RESEARCH OBJECTIVES 
This dissertation focuses on strategies for the exploitation of QTL identified in breed 
crosses for genetic improvement of livestock.  These include marker-assisted introgression 
(MAI) and marker-assisted selection (MAS).  Stochastic computer simulation was used to 
evaluate the effectiveness of alternate strategies for MAI and MAS. 
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The first objective of the research presented herein was to investigate the efficiency 
of MAI of multiple QTL from a donor line to a recipient line, in order to further improve the 
recipient line in a breeding program of a limited size.  The MAI involves incorporating 
favorable alleles from a donor line, which the recipient is lacking.  The strategy was to relax 
the standard requirement that has been imposed on MAI strategies of maintaining the 
favorable QTL allele frequencies at 50% during the backcrossing phase.  For multiple QTL, 
the latter requires large population sizes that are not feasible in livestock.   
The second objective of the research reported herein was to examine selection 
strategies for the development of synthetic lines that capture the best of both lines.  This 
objective included three aspects as follows: 
To identify the choice of a suitable model for marker-assisted evaluation of multiple 
QTL in a line-crossing program.  This study assumed that QTL were previously detected 
without error.   
To evaluate efficiency of a two-stage strategy for MA-synthetic line improvement.  
The first stage involves QTL detection and the second MAS on the identified QTL.  
To evaluate efficiency of a single stage selection for MA-synthetic line improvement 
through genomic selection on all marker regions across the genome regardless of 
significance.   
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DISSERATION ORGANIZATION  
This dissertation comprises six chapters.  The remainder of the current chapter (I) 
consists of a literature review of previous research studies.  Detailed background on 
methodologies for QTL detection and evaluation of the efficiency of MAI and MAS in 
animal breeding programs is provided.  The efficiency of MAS will affect the design of 
choice in a breeding program.  The literature review also focuses on the effects of uncertainty 
of QTL positions and QTL effects, and the feasibility of MAS through genomic selection in 
an integrated breeding program.   
The next four chapters contain four individual papers that will be submitted to 
scientific journals.  Parts of some of these chapters have already been published in the form 
of short papers in proceedings of scientific conferences.  These are included as Appendices to 
the dissertation.   
 In Chapter 2, the details of a stochastic simulation are given for evaluating the 
efficiency of marker-assisted introgression of multiple unlinked QTL from an inbred donor 
line to an inbred recipient line.  The strategy was to allow selected individuals not to be 
heterozygous at all marker loci during the backcrossing phase to reduce the number of 
individuals required.  A selection criterion that is based on the number of donor line alleles at 
markers around the introgressed QTL was proposed.  Some of the results from this chapter 
were published in the Proceedings of the 7th World Congress on Genetics Applied to 
Livestock Production, which is included in Appendix 1. 
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 Chapter 3 compares different models for MA-evaluation of multiple unlinked QTL.  
The models reflect the exploitation of either linkage disequilibrium (LD) generated by 
crossing or the linkage information from co-segregation of markers and QTL, or both.  This 
study assumed that the QTL were previously detected without error.  The efficiency of MAS 
was evaluated based on increases in genotypic values and QTL frequencies.   
 In Chapter 4, the potential use of MAS of multiple QTL is examined by incorporating 
the uncertainty of QTL detection using the F2 design.  The process of QTL detection by a 
backward elimination regression approach with different significance threshold levels (0.05 
or 0.01) was used.  The thresholds affected the number of QTL used in the selection 
program, along with the efficiency of MAS. 
Chapter 5 investigates the benefits of genomic selection for MA in a breed cross by 
using all markers regardless of significance of QTL.  Part of this material was published in 
the Proceedings of the 8th World Congress on Genetics Applied to Livestock Production, 
which is included in Appendix 2.  
 Finally, Chapter 6 provides a general discussion in the dissertation on the efficiency 
of exploitation of the marker information in different scenarios for pig breeding programs.  It 
also identifies possible areas for future research. 
LITERATURE REVIEW 
Quantitative genetics has been used to improve the genetic level of populations under 
the infinitesimal model (Bulmer 1980) without understanding the genetic architecture of the 
traits selected on.  Under the infinitesimal model, quantitative traits are assumed to be 
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controlled by many QTL with small effects, rather than by a few QTL with large effects 
(Dekkers & Hospital 2002).  The assumption for genetic evaluation based on the 
infinitesimal model is small changes in allele frequencies and genetic variance.  The animal 
model with Best Linear Unbiased Prediction (BLUP) has been widely used for genetic 
evaluation to estimate breeding values of animals by using phenotypes and pedigree 
information.  Although the assumptions that underlay these models of large numbers of genes 
and small changes in allele frequencies and genetic variance are clearly incorrect, substantial 
response to selection in livestock has been made over the past 50 years (Dekkers & Hospital 
2002).   
Use of Molecular Markers 
The development of molecular markers enables genomic regions that contribute 
genetic variation for the trait to be detected directly at the DNA level.  One of the goals is 
that these identified genomic regions can be used to describe the location of functional genes, 
or other sequences of DNA on each chromosome of the species concerned (Simm 1998).   
An individual’s genotype at molecular markers can be evaluated at any age and for both 
sexes, which makes molecular marker the ideal type of information for selection of complex 
traits that are difficult to improve using quantitative approaches.  Such traits have either low 
heritability or are difficult to measure, such as meat quality traits and disease resistance.   
Molecular data in combination with phenotypic data can provide a measurement of 
the genetic value of individuals for economically important traits.  This information can be 
used to accelerate genetic improvements in breeding programs of farm livestock and crop 
species through an increase in the accuracy of estimated breeding values, an increase in 
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intensity of selection, or a reduction of the generation interval (Visscher et al. 2000).  For 
example, molecular markers can be used to screen young males before entering the progeny 
test in dairy cattle or before entering the performance test in pigs (Mrode 2005).  Markers can 
also be used to verify pedigree, breed, and their products in livestock, and to ensure the 
existence of particularly rare or useful genes for conservation purposes (Simm 1998).  It is 
also possible to use molecular markers to select within a family to reduce inbreeding 
(Dekkers & Hospital 2002) and/or to quantify genetic diversity in a decision on utilization of 
breeds.  The goal is to maximize the probability of having a better genotype than the current 
one (Gibson 2003).  The ideal characteristics of molecular markers for use in QTL detection 
and MAS are that they should be (1) highly polymorphic, (2) abundant; (3) neutral to QTL of 
traits of interest and to fitness traits; and (4) co-dominant (Falconer & Mackay 1996). 
Three conventional steps of integrating molecular marker information in artificial 
selection programs are (1) identifying associations between markers and QTL, i.e. QTL 
detection; (2) combining these marker effects with phenotypic data to rank individuals for 
selection, i.e. marker-assisted genetic evaluation; and (3) developing desired lines or 
populations (Lande & Thompson 1990) through MAI and/or MAS.  These steps will be 
further described in the following. 
QTL Detection 
Two approaches can be used to identify QTL: the candidate gene approach and the 
genome scan approach.  The candidate gene approach exploits biological, physiological, and 
mutation information to identify major genes, which are associated with phenotype in 
unstructured populations (Rothschild & Plastow 1999).  Information from comparative 
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candidate genes from other species, e.g. mouse and human, can lead researchers to find 
positional candidate genes in regions that have been identified to contain QTL.  
The genome scan approach uses indirect markers, e.g. microsatellite markers, single 
nucleotide polymorphisms (SNPs) to identify regions that contain QTL, typically 10-20 cM 
in length, through linkage analysis (Rothschild & Plastow 1999).  The linkage analysis 
concept is to follow co-segregation of markers associated with a phenotype in structured 
population designs (Dekkers et al. 2001), e.g. F2, backcross (BC), half sib, full sib, grand-
daughter, or daughter designs.  Linkage analysis exploits linkage (or gametic phase) 
disequilibrium (LD).  The genome scan approach, however, cannot identify the exact 
position and number of QTL in the region (Dekkers & Hospital 2002). 
Linkage disequilibrium arises when genotypic frequencies at two or more loci 
considered jointly are not what would be expected from allele frequencies.  It identifies non-
random association of alleles at different loci in a population, regardless of whether the loci 
are linked or not.  Co-segregation of tightly linked loci may lead to non-random association 
between alleles.   However, closely linked loci are not sufficient for them to be in LD, nor do 
the loci have to be linked to be in LD.  In other words, closely linked loci can be in gametic 
phase equilibrium, and completely unlinked loci can be in LD (Falconer & Mackay 1996).   
The potential use of LD is for gene mapping for both genome scan studies and fine 
mapping studies (see, e.g. Devlin & Risch 1995; Meuwissen & Goddard 2000; Pérez-Enciso 
2003).  In addition, LD is useful to provide breed history (Falconer & Mackay 1996), human 
demographic history and human origin (see, e.g. Wall & Pritchard 2003), and the forensic 
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use of DNA profile evidence as well (Ayres & Balding 2001).  The amount of LD between 
linked loci can extend over generations, but it progressively declines with succeeding 
generations as a function of recombination rate (Falconer & Mackay 1996).  Factors that 
influence the extent of LD of alleles at two linked loci are (1) genetic drift in populations of 
small effective size, (2) population growth, (3) population structure, (4) admixture or 
migration of populations with different allele frequencies, (5) non-random mating such as 
assortative mating and selection of parents, (6) natural selection, (7) recombination, (8) 
mutation, and (9) gene conversion (Falconer & Mackay 1996; Ardlie et al. 2002).  There are 
various LD measures (see, e.g. Hedrick 1987; Nsengimana et al. 2004).   
Population structures 
The first step in a QTL mapping experiment is to construct or obtain an appropriate 
QTL mapping resource population.  As mentioned previously, different population structures 
generate different amounts of LD.  Two types of experimental crosses that have been 
primarily implemented in pigs and poultry are the F2 and the backcross (BC) designs.  These 
approaches assume a known linkage phase between markers and QTL (Mackay 2001).  The 
F2 design starts with crossing two inbred lines, which are fixed for alternate alleles at the 
markers and QTL, or two divergent breeds that have sufficiently different gene frequencies.  
The resulting F1 individuals in crosses of completely inbred lines are heterozygous at all 
markers and QTL, and are in complete population-wide LD between the marker and the 
QTL.  The F2 individuals are created by inter se mating the F1 individuals.  The backcross 
design is similar to the F2 design in creating F1 individuals, but the F1 individuals in the BC 
design are mated back to one of the parental lines to generate BC1 individuals.   
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 For some species such as cattle and sheep that have relatively long generation 
intervals and low female reproductive proficiency, it is too expensive and time consuming to 
develop an experimental cross.  However, the large paternal half-sib family structures with 
abundant performance records from field data that exist, especially for dairy cattle can be 
used to detect QTL that segregate within the breed.  Two main half-sib designs for QTL 
detection within breeds are the daughter and granddaughter designs (Weller et al. 1990), 
which correspond to the source of phenotype through daughters or granddaughters.  The 
tested bulls have to be heterozygous only at marker loci that are informative.  These designs 
detect QTL that segregate within a family by exploiting within-family LD.  This within-
family LD is more difficult to use due to the inconsistency of linkage phases between 
markers and QTL across families.  As a result, the association of markers and QTL has to be 
evaluated on a within-family basis (Dekkers & Hospital 2002). 
The daughter design uses markers traced between bulls and their daughters and 
performance records from their daughters (Simm 1998).  In addition to the estimates of 
breeding values, the brothers of the daughters (of the sons) can be pre-selected to enter the 
progeny testing program on the basis of their marker genotype.  The granddaughter design 
also uses markers of the proven bulls and their sons, but also the performance records of the 
granddaughter (of the proven bulls) to predict genetic merit of sons (of the proven bulls).  
Like the daughter design, marker genotype can be used to screen great-grandsons of the same 
family to enter the progeny testing program (Weller et al. 1990).  
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Statistical methods for QTL Mapping 
Detection of QTL contributing to the target traits involves statistical analysis using a 
genetic model that relates phenotypic values and large sets of DNA-based markers.  Several 
statistical methods for detecting QTL have been proposed in the literature.  A single marker 
analysis is the simplest approach to detect QTL, followed by interval mapping (IM) and its 
extensions such as composite interval mapping (CIM) (e.g. Jansen 1993; Zeng 1993, 1994), 
multiple interval mapping (MIM) (e.g. Kao et al. 1999; Zeng et al. 1999), and multiple-QTL 
mapping  (MQM) (e.g. Jansen 1993; Jansen & Stam 1994).  These will be described in 
further detail in the following. 
Simple single marker analysis 
This method is based on least squares (LS) methods such as analysis of variance 
(ANOVA) or regression analysis and is used to test differences in the phenotypic means for 
single-marker genotype classes.  The main advantage of the LS methods is that they can be 
analyzed using standard statistical packages and that they are quick and efficient, especially 
for screening a large population for a specific trait, e.g. disease resistance.  A major issue of 
single marker methods is the confounding between QTL effect and QTL position (Doerge 
2002).  In other words, if a marker is significant, it is impossible to distinguish between a 
small QTL effect tightly linked to the marker and a large QTL effect loosely linked to the 
marker. 
Interval Mapping (IM) 
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Interval mapping (IM) or one-dimensional search using Maximum Likelihood (ML) 
was introduced by Lander & Botstein (1989).  It uses a linkage map with assumed known 
distances between markers as an outline for QTL locations.  The IM tests the existence of a 
single QTL (Ho: no QTL in the region) at each location on the linkage map using either 
ordinary least squares (OLS) through an F ratio, or using ML through a log-likelihood ratio 
as LOD (Logarithm of the Odds) scores.  The numerator of the LOD score is the likelihood 
under the alternative hypothesis that a QTL exists at the tested position and the denominator 
is the likelihood under the null hypothesis of no QTL.  The LS and ML methods are used for 
parameter estimation.  Rather than ML, which is computationally demanding (Lander & 
Botstein 1989), multiple regression of phenotypic value on the flanking marker genotypes 
has also been used to examine the existence of a single QTL in a region of interest.  The 
regression method is relatively easy and fast compared to ML (Haley & Knott 1992), and it 
can capture most of the information contained in multiple linked markers.  Computational 
time does not increase greatly with the number of parameters estimated, including fixed 
effects such as treatment or sex (Jansen 1993; Haley et al. 1994).  
 
 
Composite Interval Mapping (CIM) 
Standard IM gives biased estimates when there are multiple QTL outside but near the 
region, or when two QTL are in the region of interest (Mackay 2001).  To correct this bias, 
composite interval mapping (CIM) was independently proposed by several researchers at the 
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same time (e.g. Jansen 1993; Zeng 1993).  The CIM exploits the IM method by using 
genotypes of markers outside the target region as cofactors/covariates to reduce residual 
variance and bias in estimates of QTL locations and effects.  In addition, it is unclear which 
markers and how many to include in the analysis model.  Too many markers as cofactors can 
greatly reduce the power of detection (Zeng 1994).  The concept of CIM has been extended 
to multiple traits and accounts for multiple QTL and the interactions of QTL and the 
environment (e.g. Jiang & Zeng 1995).  MIM and MQM use multiple dimensional searches 
for multiple QTL and their interactions such as pleiotropic effects of QTL with environment 
or background genome simultaneously.  
Significance thresholds 
The efficiency of MAI and MAS can be affected by the threshold used for 
determining significance of QTL in a genome scan.  The number of QTL that will be used for 
MAS depends on the level of Type I error, or false positive rate, i.e. false identified QTL in 
linkage to markers when such a QTL is not present.  When testing multiple markers, the 
Type I error rate can be considerably larger than when testing a single marker-trait 
combination (Beckman & Soller 1988).  The false positive level depends on population 
structure and the sizes of QTL effects, and it can be controlled by choosing appropriate 
significant thresholds (van Ooijen 1999; Hayes & Goddard 2003).   
The significance threshold is the criterion used to determine the number of QTL 
included in the genetic evaluation process in order to estimate QTL effects and select 
individuals for the next generations.  Decreasing the level of the significance threshold leads 
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to an increase in the power of QTL detection and results in an increase in the number of 
detected QTL but also in the number of false positives (Moreau et al. 1998).  However, using 
detected QTL with a large number of false positives leads to lower accuracy of MAS due to 
overestimated QTL variance and also leads to higher genotyping costs (Hayes & Goddard 
2003).  Thus, there is an optimal threshold to use for QTL detection. 
Significance thresholds can be based on a LOD score greater than 2 or 3 to assure a 
5% chance of a single false positive (Lander & Botstein 1989).  Empirical thresholds derived 
from permutation tests were proposed by Churchill & Doerge (1994).  Thresholds derived by 
permutation have the advantage of being distribution-free, leading them to be robust to 
departures from normal distribution of phenotypes (van Ooijen 1999).  In addition, the 
threshold does not depend on a model and is not limited by experimental designs (Doerge & 
Reba 1996).  The permutation test can be used in multiple QTL models but requires very 
long computation times (Churchill & Doerge 1994).  
Four levels of significance thresholds have been proposed: (1) comparison-wise, (2) 
experimental-wise (Churchill & Doerge 1994), (3) chromosome-wise, and (4) genome-wise 
thresholds (van Ooijen 1999).  The comparison-wise threshold can be estimated separately 
for each analysis point and provides a 100(1 - α) % critical value for the test at that point, 
while the experimental-wise threshold provides an overall 100(1 - α) % critical value that is 
valid simultaneously for all analysis points, where α is the false positive rate (Churchill & 
Doerge 1994).  The chromosome-wise significance is the probability of obtaining a false 
positive somewhere on a single chromosome, while the genome-wise threshold is determined 
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by the total number and length of chromosomes, and the number of markers on the 
chromosomes (van Ooijen 1999). 
Identified QTL in Livestock 
Recent breed cross studies in livestock have found QTL for economic traits that 
segregate between breeds.  For example, an F2 cross between Berkshire and Yorkshire 
grandparents identified several QTL for meat quality – pH level, meat color, and tenderness – 
that were different between the Berkshire breed, which has undesirable growth performance, 
and the Yorkshire breed, which is superior in growth traits – growth rate, daily weight gain, 
and feed conversion ratio (Malek et al. 2001a; Malek et al. 2001b).  In addition, QTL that 
affect growth and fatness have been found in F2 crosses of divergent pig populations, such as 
between Wild Boar and Large White pigs (Knott et al. 1998), and between Meishan and 
Dutch Large White pigs (de Koning et al. 1999).  QTL that affect reproduction have been 
revealed in F2 crosses of divergently selected pig populations (Cassady et al. 2001).  Other 
studies have detected QTL using half-sib design of commercial populations containing Large 
White, Landrace, Hampshire, Pietrain, and Meishan synthetic lines for growth and fatness 
traits (Evans et al. 2003).  
Use of Marker Information for Genetic Improvement 
Two possible approaches to use QTL identified in mapping studies for genetic 
improvement are to select within a breed, or to establish a composite line.  Selection in all 
two strategies is on estimated breeding values obtained using markers and phenotypic data.  
In this dissertation, the development of a composite line is emphasized.  A composite line is 
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established by crossing or backcrossing two breeds and to then select within the resulting 
synthetic line.  The purpose of establishing a composite line is to integrate favorable qualities 
of different breeds.     
  Molecular markers can be used to enhance the process of establishing a composite 
created by crosses through marker-assisted introgression (MAI) or/and marker-assisted 
synthetic line (MAS) development (Dekkers & Chakraborty 2001).  Extra genetic gains are 
obtained through an increase in the accuracy of selection and/or a decrease in generation 
interval.  These two strategies will be further explained in the following.  
Marker-Assisted Introgression 
The aim of an introgression program is to introduce one or several favorable alleles at 
target genes from a donor breed into a recipient breed that does not have the donor alleles.  
Introgression involves two successive phases: a backcrossing phase and an introgression 
phase.  Backcrossing includes foreground selection for carriers of the donor QTL allele(s) 
and, potentially, background selection for the recipient’s background genome.  Most studies 
have considered MAI of single QTL (e.g. Visscher et al. 1996; Yancovich et al. 1996). 
Koudandé et al. (2000) considered foreground selection on multiple QTL, with alternative 
strategies based on gene pyramiding (Hospital & Charcosset 1997).  They showed that large 
population sizes are needed to obtain sufficient individuals that are heterozygous and 
homozygous for all QTL in the backcrossing and intercrossing phases, respectively.  This 
would make MAI not feasible in livestock breeding programs.  
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 In many cases, however, immediate fixation of introgressed QTL alleles may not be 
required.  Instead, the objective of the backcrossing phase can be to enrich the recipient breed 
with the favorable donor QTL alleles at a high enough frequency so that they can be selected 
on subsequent to backcrossing.  Thus, it is of interest to investigate the impact of relaxing the 
requirement of selection individuals that carry favorable QTL alleles at all loci on the 
effectiveness of an introgression program.  
Marker-Assisted Synthetic Line development 
Selection index of phenotype and markers identified by multiple regression 
Computational procedures for incorporating molecular genetic and phenotypic data 
have been developed by several researchers.  A selection index combining phenotypic and 
marker information was first used to evaluate the relative efficiency of MAS to conventional 
phenotypic selection (Lande & Thompson 1990).  Only markers with highly significant 
partial regression coefficients obtained from multiple regression of phenotypes on marker 
genotypes were included in the selection index.  Lande & Thompson (1990) used multiple 
regression to identify markers to be included in the index and estimate marker effects for 
MAS: (1) the marker loci are identified using data from the previous generation; (2) marker 
loci are identified based on multiple regression using data from the current generation (Lande 
& Thompson 1990).  The QTL associated with markers were detected using a multiple 
regression approach to capture LD generated by the hybridization of inbred lines.  Marker 
effects were considered as fixed effects. 
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Some automatic variable-selection procedures for initial screening of markers to be 
included in the selection index are forward stepwise regression, forward selection, and 
backward elimination (Neter et al. 1996).  Forward stepwise regression starts with the marker 
interval that has the lowest p-value, which must be lower than a specified threshold in the 
model.  The next candidate marker interval is added to the model when its p-value is the 
lowest and lower than a specified threshold.  Next, the model is examined to see whether any 
of the marker intervals should be dropped.  The process continues until no further marker 
intervals can either be added or removed.  Forward selection resembles forward stepwise 
regression but no marker intervals are dropped from the model. 
The process of backward elimination regression starts with having all marker 
intervals in the model.  The marker interval with the largest p-value is removed if it has p-
value larger than a specified threshold, and the model is refitted.  Each subsequent step 
removes the least significant marker interval in the model until all remaining marker intervals 
have individual p-values smaller than the chosen threshold, or there is no marker interval 
remaining in the model (Neter et al. 1996).  
Marker-assisted BLUP (MA-BLUP) 
There is no doubt that selection based on the Best Linear Unbiased Prediction 
(BLUP) method proposed by Henderson (1973) has been effective in generating responses to 
selection and has been used in many livestock populations.  This methodology can cope with 
populations with complex data structures that are under selection and subject to non-random 
mating.  The complex data structures can contain non-genetic fixed effects such as birth year, 
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season, management system, and covariates such as age of the animals and their parents 
(Henderson 1973).  An advantage of selection criteria derived using BLUP over a selection 
index is that the selection index approach assumes known means and variances, which is not 
realistic. 
Fernando & Grossman (1989) were the first to incorporate molecular data into animal 
model BLUP genetic evaluation procedures.  Their MA-BLUP model included a single QTL 
as a random effect linked to a marker, a so-called marked QTL (MQTL). The method 
requires knowledge of the parental origin of marker alleles, the recombination rate between a 
marker and MQTL, and the variance of the additive effect of the MQTL alleles.  The 
recombination rate and the variance of MQTL effects can be estimated by Restricted 
Maximum Likelihood (REML).  Even though the Fernando & Grossman (1989) method 
accommodates partial or no marker data, it assumes additive MQTL effects and assumes that 
the base population is in linkage equilibrium.  With loosely linked markers, the marker and 
QTL are expected to be in linkage equilibrium because it is a closed population that has been 
subject to random mating for many generations.  In the presence of linkage equilibrium, 
marker information does not contribute to genetic means but to genetic variances and 
covariances between individuals by exploiting the co-segregation of markers and QTL.  To 
obtain genetic variances and covariances, three sources of information are required: marker 
genotypes, pedigree, and phenotypic data (Fernando & Grossman 1989).  The MA-BLUP 
method of Fernando & Grossman (1989) was expanded for multiple markers and the number 
of marker effects to be estimated was greatly reduced by using a reduced animal model 
Goddard (1992).  
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 Methods for obtaining the variance-covariance matrix of QTL effects without 
knowing the parental origin of marker alleles were developed for purebred by Wang et al. 
(1995) and for multibreed populations by Lo et al. (1993) and Wang et al. (1998).  A 
multibreed population is a population derived from crossing several breed groups or consists 
of individuals from several breed groups (Wang et al. 1998) and is expected to be in linkage 
disequilibrium for markers and linked QTL.  The approach of Lo et al. (1993) and Wang et 
al. (1998) presents calculations of multibreed population means, variances, and covariances 
for genetic evaluation for MA-BLUP (Lo et al. 1993; Wang et al. 1998). 
Zhang & Smith (1992) simulated crosses of inbred lines to create LD between 
markers and QTL and evaluated responses to selection with EBV estimated using the MA-
BLUP method of Goddard (1992).  Due to complete population-wide LD, the method was 
simplified to a multiple regression model on the markers with effects treated as random.  
They evaluated the efficiency of MA-BLUP by comparing responses to selection for twenty 
generations for three selection strategies: (1) using marker information alone to obtain a 
score that quantifies the value of an individual derived from marker effects (marker score, 
MS); (2) using phenotypic values to obtain BLUP EBV without marker information (BLUP), 
and (3) using a combination of marker information and phenotypic values to estimate 
breeding values.  They showed that selection incorporating both phenotypic and marker data 
yielded the highest genetic gains, followed by BLUP from phenotype alone, and selection 
based on marker information alone (Zhang & Smith 1992). 
Both Lande & Thompson (1990) and Zhang & Smith (1992) only modeled the effects 
of QTL through their associations with markers that result from the LD between markers and 
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QTL that is generated by the initial cross.  It is not clear how the efficiency of MAS on 
multiple QTL in a line-crossing program is affected by the use of analysis models that 
capture between-breed LD effects and/or co-segregation of markers and QTL.  
Several simulation studies have shown a rapid decrease of additional genetic gain 
from MAS compared to BLUP (without marker information) when selection continues for 
several successive cycles (Gibson 1994).  This reduction in extra gain is caused by two 
factors.  First, using marker information increases the accuracy of selection (Meuwissen & 
Goddard 1996) and leads to a rapid increase in QTL frequencies from 0.5 to fixation.  As a 
result of fixation of QTL frequencies, the QTL variance is reduced, causing a plateau in 
genetic gain from QTL for MAS.  With selection on BLUP from phenotype only, QTL 
frequencies also increase but at a lower rate than with MAS but eventually catch up with 
QTL frequencies for MAS.  Second, cumulative polygenic responses are higher for BLUP 
than with MAS in all generations, even after QTL frequencies approach fixation with MAS, 
leading to an increase in selection pressure on polygenes.  Furthermore, MAS could become 
less efficient than the phenotypic selection in the long run, especially when the QTL effects 
are not re-evaluated at each generation (Hospital et al. 1997).  Meuwissen & Goddard (1996) 
showed a 14% reduction of genetic gain for non-MAS compared to MAS when an incorrect 
QTL variance was assumed.  As a result, it is of interest to examine the effect of QTL 
variance used in mixed model equations on genetic improvement. 
 Regular MAS analysis uses marker and phenotypic information.  Of particular 
interest is whether the MAS method using limited marker information with and without 
phenotypic evaluation could be a low cost method and could provide an important increase in 
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the genetic gain per unit of time.  In addition, marker-assisted selection using markers and 
phenotypic data with one or more rapid generations can be done with selection of immature 
individuals using markers alone (Hospital et al. 1997; Moreau et al. 1998).  Similar strategies 
of MAS incorporating germ-line manipulations were suggested in animals such as 
“velogenetics” by Georges & Massey (1991) and “speed genetics” by Visscher et al. (2000).  
However, faster fixation of unfavorable QTL alleles with small effects resulting from hitch-
hiking is expected over that of regular MAS (Hospital et al. 1997).   
Genomic selection 
The standard strategy for MAS is to first detect QTL using a genome scan and then 
use the significant QTL in MAS (Meuwissen & van Arendonk 1992).  A genome scan is, 
however, subject to false positives and negatives, the impact of which on MAS was evaluated 
by Hayes & Goddard (2003).  This leads to the interesting question of what the efficiency of 
MAS would be if, instead of using only significant QTL, all marker intervals, providing 
multiple locus disequilibrium, are included in the selection criteria (Haley & Visscher 1998).  
Such a strategy was proposed by Meuwissen et al. (2001) and was called genomic selection.
Meuwissen et al. (2001) showed that by treating the effects of markers as random, 
markers (haplotypes), selection can be directly on the sum of BLUP of markers, without the 
need for prior selection of significant markers or QTL.  They applied this approach to 
selection within an outbred population by utilizing population-wide linkage disequilibrium 
(LD) from a high-density marker map.  They showed that a single generation of phenotypic 
data and informative markers at 1-cM distance resulted in substantial accuracy of EBV, and 
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that resulting predictions were effective to generate response to selection for several 
generations.   
One limitation of the Meuwissen et al. (2001) approach is that many markers are 
needed to capitalize on population-wide LD across the genome, which may make it not 
feasible at present in outbred populations.  Selection on population-wide LD can, however, 
also be applied to crosses between breeds, which exhibit much greater degrees of LD and 
would, therefore, require much fewer markers to cover the genome. The efficiency of 
genomic selection over standard BLUP was investigated in Chapter 5. 
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SUMMARY 
 The ability to enrich a breed with favorable alleles from multiple unlinked QTL of a 
donor breed through marker-assisted introgression (MAI) in a population of limited size was 
evaluated by considering the effects of the proportion selected, the size of the marker 
intervals, the number of introgressed QTL, and the uncertainty of QTL position.  Informative 
flanking markers were used to select progeny with the largest expected number of donor 
QTL alleles over five generations of backcrossing and five generations of intercrossing.  In 
the backcrossing phase, with 5% selected and 20 cM marker intervals for 3 QTL, sufficient 
backcross progeny that were heterozygous for all markers were available, and QTL 
frequencies dropped below 0.5 only because of double recombinants.  For larger fractions 
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selected, larger marker intervals, and more QTL, frequency reductions from 0.5 were greater 
and increased with additional generations of backcrossing.  However, even with 20% 
selected, 3 QTL, and marker intervals of 5 or 20cM, mean QTL frequencies in generation 5 
were 0.35 and 0.30, sufficient to allow subsequent selection of QTL in the intercrossing 
phase.  After five generations of intercrossing, over 90% of individuals were homozygous for 
all QTL when 3 QTL were introgressed, and 85% when 5 QTL were introgressed.  The larger 
the proportions selected, the larger the marker intervals, and greater numbers of introgressed 
QTL increased the number of intercrossing generations required to achieve fixation of QTL.  
Location of the QTL in the marked intervals did not affect QTL frequencies or the proportion 
of QTL lost at the end of the introgression program.  In conclusion, introgressing multiple 
QTL can be accomplished in a MAI program of limited size without requiring that all 
individuals selected during the backcrossing phase to be carriers of favorable alleles at all 
QTL. 
INTRODUCTION 
Recent breed cross studies have identified many quantitative trait loci (QTL) for 
economic traits that segregate between breeds.  For example, an F2 cross between Berkshire 
and Yorkshire grandparents identified several favorable QTL for meat quality in the 
Berkshire breed, which has less desirable growth performance (Malek et al. 2001a; Malek et 
al. 2001b; Thomsen et al. 2004).  It is, therefore, of great interest to develop marker-assisted 
introgression (MAI) strategies to incorporate desirable QTL alleles from a donor breed (e.g. 
meat quality alleles from the Berkshire) into a recipient breed (e.g. the high-growth 
Yorkshire breed).  Another example of the need for MAI is to improve the quantitative 
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ability of cattle to withstand the effects of trypanosome infections in sub-Saharan Africa.  
The idea is to introgress alleles from multiple QTL that confer trypanotolerance in breeds 
such as N’Dama and West African Shorthorn to trypanosusceptible breeds such as Kenyan 
Boran (Koudandé 2000). 
Introgression involves two successive phases: a backcrossing phase and an 
introgression phase.  Backcrossing includes foreground selection of individuals that carry the 
donor QTL allele(s) and, potentially, background selection for the recipient’s background 
genome.  Most studies have considered MAI of single QTL (e.g. Visscher et al. 1996; 
Yancovich et al. 1996) but Hospital & Charcosset (1997) and Koudandé et al. (2000) 
investigated introgression of multiple QTL. 
Hospital & Charcosset (1997) derived the minimum number of individuals to be 
genotyped in order to obtain at least one individual that is heterozygous for all QTL at the 
end of the backcrossing phase.  They considered the number of introgressed QTL, the 
positions of markers, and uncertain QTL positions.  Both foreground selection only and 
combined foreground and background selection were considered.  Hospital & Charcosset 
(1997) found that large numbers of individuals needed to be genotyped in order to identify 
one individual that carries all QTL alleles.  A pyramidal design was proposed to reduce the 
number of individuals required for generating such an individual.  This design uses 
backcrossing of individual QTL in separate lines followed by crossing the selected lines 
during an intercrossing phase.  For most plant breeding programs, only one carrier individual 
is required at each stage of the introgression program because of high reproductive rates and 
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clonal propagation.  For livestock species, however, multiple individuals with the desired 
QTL genotypes are needed to sustain breeding programs.  
Koudandé (2000) investigated the feasibility of introgressing multiple QTL in animal 
populations.  They optimized the introgression of three unlinked QTL using foreground 
selection with alternative strategies based on gene pyramiding (Hospital & Charcosset 1997).  
The aim of the optimization was to decrease the total number of individuals to be genotyped, 
in order to obtain the desired number of individuals that were homozygous at three QTL at 
the end of the MAI program.  For the best strategy, over 14,000 individuals had to be 
genotyped in order to obtain 100 individuals that were homozygous at all three QTL at the 
end of the MAI program.  Such genotyping and population size requirements limit the 
feasibility of MAI of multiple QTL in livestock breeding programs. 
The standard strategy for MAI of multiple QTL during the backcrossing phase is to 
select individuals that are heterozygous for all QTL.  Although pyramiding schemes relax 
this requirement by focusing on a smaller number of QTL within individual lines, this is at a 
cost of increasing the number of lines that must be developed and maintained.  In many 
cases, however, immediate fixation of introgressed QTL alleles may not be required.  
Instead, the objective of the backcrossing phase can be to enrich the recipient breed with 
favorable donor QTL alleles at high enough frequencies such that they can be selected during 
the intercrossing phase.  This would relax the requirement of individuals selected during the 
backcrossing phase to be carriers of a favorable allele at all QTL.  Consequently, the 
objective of this study was to evaluate by simulation the efficiency of MAI of multiple QTL 
in populations that are of insufficient size to allow generation of sufficient individuals that 
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are heterozygous at all QTL.  For QTL flanked by two markers, the impact of the selected 
proportion, the size of the introgressed regions, and the number of QTL were considered.  
For QTL that are mapped to regions with multiple markers, uncertainty about QTL position 
was also considered.  
MATERIALS AND METHODS 
Population structure 
 The F1, five backcross generations (BC1-BC5), and five intercross generations (IC1-
IC5) were simulated stochastically.  The initial cross was between two inbred lines that were 
fixed for alternate alleles at one, three, or five unlinked QTL.  Each QTL was flanked by 
either two or six fully informative markers.  Each backcross generation, a total of 500 male 
BC progeny was generated by randomly mating the 2, 5, 10, or 20% BC males with the 
highest marker scores to dams from the recipient line.  An individual’s marker score was 
equal to the expected number of donor alleles at the n introgressed QTL, as determined from 
marker genotypes (see below).  Generation IC1 was generated by randomly mating the top 2, 
5, 10, or 20% selected BC5 males to the top BC5 females with a mating ratio of 1:5, 
producing 500 male and 500 female IC1 animals.  The same strategy was used to produce 
generations IC2 to IC5.  The efficiency of MAI was evaluated by the average frequency of 
donor QTL alleles in each generation.  Results were based on 100 replicates. 
Simulation of markers and derivation of marker scores 
One, three, or five unlinked QTL were simulated at the center of regions marked by 
two or six fully informative markers.  Marker intervals were 0, 5, or 20 cM for the two 
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marker case, and 4 cM for the six marker case, resulting in a marked region of 20 cM around 
each QTL.  With six markers per QTL region, the QTL was also simulated at the center of 
the external interval (between markers 5 and 6), rather than in the middle interval, to evaluate 
the impact of errors in estimates of QTL position.  
In all cases, the marker score of the ith BC or IC individual was derived as the 
expected number of donor alleles at the n introgressed QTL:   
∑= n
j
ijiji MQ(PMS )|  
where  is the probability that the individual carries the donor allele for QTL j 
anked the QTL, ignoring double recombinants.  For 
the six-marker case, marker scores were obtained as:   
MSi = 
ed 
 n
0.1 to 0.4 a
)|( ijij MQP
given the genotypes of the markers around the QTL (Mij).  For the two-marker case, 
probabilities )|( ijij MQP  were set equal to 1, ½, and 0 if the individual carried 2, 1, and 0 
donor alleles at the two markers that fl
∑∑
= =
n
j
K
k
ijkijk MQPL
1 1
)|(*  
where kL is the (assum pre-determined) probability that the QTL is located in marker 
interval k, and )|( ijkij MQP is the probability that individual i carries the do or allele for QTL 
j given the genotypes of the markers that flank interval k (Mijk).  Values of kL ranging from 
nd summing to 1 were used.  Similar to the two-marker case, probabilities 
40 
 
)|( ijkij MQP  were set equal to 1, ½, and 0 if the individual carried 2, 1, and 0 donor alleles at 
nterval, ignoring double recombinants.  the two markers that flanked the putative QTL i
RESULTS 
Introgression using single marker intervals  
 In Table 1 is shown means and standard deviations of individual QTL frequencies for 
five BC and five IC generations with introgression of three QTL, each flanked by two 
markers.  Results were based on 100 replicates and averaged over the three QTL.  The ability 
to maintain a frequency of 0.5 for the donor QTL alleles depended on the fraction selected 
and the marker distance.  With a selected fraction of 2 or 5%, sufficient BC individuals that 
were heterozygous at both flanking markers for each QTL could be identified, and reductions 
in frequencies to below 0.5 were the result of double recombinants.  Since double 
recombinants are more frequent with larger marker intervals, some reduction in frequency 
was observed for the 20 cM interval up to 3% of the QTL regions, and the favorable QTL 
allele was lost (frequency <0.1 in IC5).  This was also the case for 10% selected when marker 
intervals were 0 and 5 cM, but for a 20 cM interval with 10% selected and for all intervals 
with 20% selected, some selected individuals were not heterozygous for all flanking markers.  
The number of such individuals increased with selected proportion and marker distance and 
resulted in greater reductions in allele frequencies below 0.5.  Nevertheless, even with a 20 
cM interval, mean frequencies were greater than 0.4 and 0.3 in generation 5 for 10 and 20% 
selected, respectively.  Standard deviations of allele frequencies increased with the size of the 
marker interval.  The impact of reducing population size is shown in Table 2, which gives 
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results for 300 instead of 500 individuals per generation.  Average frequencies were similar, 
i.e. changing the population size did not affect the average decline of frequencies below 0.5.  
With smaller population size, however, QTL frequencies had higher standard deviations.  
The percentage of QTL lost was not calculated but was expected to be higher with the 
population size of 300 than with the population size of 500 individuals.   
cause of the effects of genetic drift in a small population.  The percentage of 
QTL lost, as defined by QTL frequency being less than 0.1 in IC5, was up to 6% and was 
greatest for a low fraction selected and a large marker distance with a population size of 500 
individuals.  
 During the intercrossing phase, rates of increase in QTL frequencies were affected by 
the fraction selected and the marker distance, similar to the backcrossing phase (Table 1).  In 
all case scenarios, average frequencies of the favorable QTL alleles were close to fixation 
(frequency > 0.9) in IC5, although some QTL were still at much lower frequencies (high 
standard deviations).  The number of generations required to reach fixation increased with 
the proportion selected and marker distance.  With marker distances of 0 and 5 cM and with 
2, 5 and 10% selected, average QTL frequencies were close to fixation (>0.9) after one 
generation of intercrossing, but with  20% selected, two and three generations were necessary 
for the QTL frequency to reach fixation.  With a 20 cM marker interval, frequencies were 
close to fixed (>0.9) after 1, 2, 2, and 4 generations of intercrossing with 2, 5, 10 and 20% 
selected, respectively.  The large standard deviations of QTL frequencies for some IC 
generations were because some QTL were missed by double recombination in the QTL 
region and be
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 The impact of the number of QTL that are introgressed for different marker intervals 
with 20% selected is shown (Table 3).  As expected, the introgression of a larger number of 
QTL increased the reduction in average QTL frequency over BC generations and resulted in 
a slower increase in frequencies over IC generations.  Introgression of one QTL resulted in a 
ean Q
Introgression with multiple marker intervals per QTL 
, but also that for cases 4-6 the QTL was not in the central interval.  Case 4 with 
the wrong interval had the highest likelihood, and QTL was not in the central interval, which 
resulted in significantly lower QTL frequencies in BC and IC generations than other cases.  
The safest strategy was to assign each interval an equal likelihood of carrying the QTL (cases 
3 or 6).  
L and its closest markers had a major impact on the 
QTL frequency for the introgression program, especially when multiple QTL were 
considered.  With a QTL region of 20 cM, 3 QTL, and 20% selected, the QTL frequency 
m TL frequency of 0.46 in BC5 and 0.99 in IC5 for a marker interval of 20 cM, 
compared to 0.23 in BC5 and 0.87 in IC5 with introgression of 5 QTL. 
 In Table 4 is shown that uncertainty in QTL location had a significant impact only if 
the QTL was assigned to an incorrect interval with a high probability, i.e. cases 4-5.  The 
difference between cases 1-3 versus 4-6 was not only that the wrong interval had a high 
likelihood
 The distance between the QT
obtained by using multiple marker intervals was greater than with 2 markers at the ends of 
the 20 cM region (Tables 1 and 4). 
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DISCUSSION AND CONCLUSIONS 
 This paper puts forth the concept that MAI can be used to enrich a recipient breed 
with favorable QTL alleles from a donor breed without the traditional practice of only 
selecting individuals that carry the donor alleles for all QTL or its flanking markers during 
the backcrossing phase by introducing donor QTL alleles at a high enough frequency such 
that they become amenable to subsequent selection.  The traditional practice of only selecting 
individuals that carry the donor alleles for all QTL or its flanking markers requires large 
numbers of individuals, particularly if multiple QTL are introgressed, which is not feasible in 
livestock.  Immediate fixation of QTL may be required for some disease resistance genes that 
are a prerequisite for survival, but this is not necessary for QTL polygenic traits such as 
eelsum et al. (1997b) for MAI of a single QTL with 
comp
growth, yield, meat quality, and susceptibility to complex diseases.  Results presented here 
show that, although it may not be possible to maintain a frequency of 0.5 during 
backcrossing in populations of limited size, MAI can introduce multiple QTL alleles at 
frequencies that will enable their selection following backcrossing, and allow QTL 
frequencies to approach fixation at the end of the intercrossing phase. 
 Selection of BC individuals was based on the expected number of donor QTL alleles 
inherited.  This is an extension to multiple QTL of selection on the probability of QTL 
inheritance that was proposed by van H
in lete informativeness of markers.  Although we assumed fully informative markers, 
our method can be extended to markers that are not fully informative by following the 
approach of van Heelsum et al. (1997a) and van Heelsum et al. (1997b).  As shown by these 
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authors for a single QTL, the use of markers that are not fully informative would result in a 
further reduction in QTL frequencies.   
 In a real situation, marker phases are often ambiguous due to missing parent 
genotypes and uninformative markers.  In the approach presented, however, computing 
marker scores did not require phases of markers, as long as marker phases are known for the 
parental breeds.  The use of additional markers or more polymorphic markers around the 
QTL would improve the ability to track QTL.   
 The stochastic simulation used here also allowed for assessment of the variance of 
results.  The standard deviation of QTL allele frequencies tended to be less than 0.05 in the 
BC generations with a population size of 500 individuals (Tables 1 and 3) and less than 0.1 
with a population size of 300 individuals (Table 2).  The maximum of the standard deviation 
of frequencies (frequency <0.1 in IC5) in IC generations were 0.18, 0.17, and 0.27 in Tables 
1, 3, and 4, respectively.  The larger standard deviations in the IC generation resulted from 
double recombinations and genetic drift in populations of limited size.  In practice, the loss of 
QTL can be prevented through “complementation selection” by balancing the proportion of 
the selection of individuals that carry donor alleles for each of the QTL, as suggested by 
(Hospital et al. 2000).  Complementation selection can also reduce the standard deviation of 
frequencies.  If population size was reduced from 500 to 300 individuals, standard deviations 
of frequencies increased for a given percentage selected (Tables 1 and 2) but mean 
frequencies were similar (results shown only for the BC phase in Table 2). 
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 The aim of the BC phase is to reduce the contribution of the donor’s background 
genome, i.e. to recover the recipient breed genome, while the aim of the IC phase is to 
increase the frequency of the favorable QTL alleles as quickly as possible.  Selection for 
donor alleles during a MAI program capitalizes on the linkage disequilibrium (LD) that 
exists between the donor’s marker and QTL alleles.  The amount of useable LD created by a 
cross depends on the differences in QTL frequencies between donor and recipient lines as 
well as on recombination rates between the QTL and markers.  In this study, F1 individuals 
were in complete LD, and the LD decreases over generations. The results presented here 
show that LD was still substantial after ten generations, even for 20 cM intervals.   
n of a given size by using multiple marker intervals was 
more effective than using a single marker interval, given that the QTL exists in the region.  
The certainty that a region contains the QTL plays an important role in controlling QTL 
alleles.  With uncertainty of the QTL location, an equal likelihood of having QTL in each 
small marker interval (e.g. 4 cM) is recommended.  A simplified selection criterion was used 
in this study, which puts equal emphasis on all QTL.  If QTL effects are known, differential 
weights can be applied to QTL to maximize economic response and/or to reduce the chance 
of QTL loss (Hospital et al. 2000).  
 Introgression of a QTL regio
 The availability of multiple markers in and around the QTL region provides 
opportunities to select both for the donor’s QTL region and against the donor’s background 
genome outside the QTL regions and on other chromosomes (Hospital & Charcosset 1997).  
Marker-assisted background selection cannot only accelerate recovery of the recipient’s 
background genome, but also minimize linkage drag (Hospital & Charcosset 1997).  
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Background selection may not affect the increase in QTL frequencies from MAI when 
population size is very large because a large population will include individuals that are 
recombinants between the QTL region and neighboring regions.  A gene pyramiding design 
can be used to reduce population size requirements (Hospital & Charcosset 1997) for marker-
assisted background selection, but may not be feasible for livestock.  Adding marker-assisted 
background selection to the single-line strategies for marker-assisted foreground selection 
presented in this paper could be accomplished in a number of ways.  Using 2-stage selection, 
the first stage could involve foreground selection based on marker score, as in the present 
study, followed by background selection for the recipient’s background genome.  Fore- and 
background selection could also be combined into a single selection criterion that includes a 
negative emphasis on the donor’s background genome, either based on phenotype, or based 
on markers spread over the genome (Visscher et al. 1996), along with the marker score for 
foreground selection presented here.  More complicated calculations would be involved when 
background selection is based on BLUP-EBV.  In theory, an optimum selection criterion can 
be derived given knowledge of QTL effects and background genome differences between the 
o bre erations 
of backcrossing and intercrossing, mu  economic analysis that involves the 
effects of the QTL, the difference in background genome effects, the opportunity cost of the 
potential selection response that is lost for other genes, and the costs that are associated with 
the introgression program. 
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Table 1.  Mean (+ standard deviation of individual allele frequencies) of the average QTL 
frequency in five backcross (BC) and five intercross (IC) generations and the percentage of 
QTL lost (frequency donor allele < 0.1 in IC5) for introgression of three unlinked QTL, each 
flanked by two markers, for various selected proportions and marker intervals.  Results are 
based on 100 replicates. Each BC generation had 500 animals. 
 
QTL frequency in generation 
% 
selected  Phase 
Marker 
interval 
(cM) 1 2 3 4 5 
% of  
QTL  
lost 
2 BC 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.0 
  5 0.50 + 0.01 0.50 + 0.02 0.50 + 0.01 0.50 + 0.02 0.50 + 0.05 1.0 
  20 0.49 + 0.02 0.49 + 0.03 0.49 + 0.03 0.49 + 0.03 0.49 + 0.05 2.7 
 IC 0 0.98 + 0.02 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 0.97 + 0.03 1.00 + 0.02 1.00 + 0.01 1.00 + 0.01 1.00 + 0.01 2.0 
  20 0.93 + 0.10 0.97 + 0.11 0.97 + 0.11 0.97 + 0.13 0.98 + 0.12 6.0 
5 BC 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.0 
  5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 0.0 
  20 0.50 + 0.01 0.49 + 0.02 0.49 + 0.02 0.48 + 0.03 0.48 + 0.05 0.0 
 IC 0 0.94 + 0.02 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 0.94 + 0.03 1.00 + 0.01 1.00 + 0.01 1.00 + 0.02 1.00 + 0.01 0.0 
  20 0.87 + 0.11 0.95 + 0.14 0.95 + 0.14 0.95 + 0.16 0.95 + 0.17 2.7 
10 BC 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.0 
  5 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.0 
  20 0.47 + 0.02 0.45 + 0.03 0.43 + 0.03 0.42 + 0.04 0.43 + 0.04 0.0 
 IC 0 0.91 + 0.03 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 0.90 + 0.04 1.00 + 0.03 1.00 + 0.02 1.00 + 0.03 1.00 + 0.03 0.0 
  20 0.77 + 0.09 0.92 + 0.12 0.93 + 0.17 0.94 + 0.18 0.95 + 0.16 4.7 
20 BC 0 0.44 + 0.02 0.40 + 0.02 0.37 + 0.02 0.36 + 0.03 0.38 + 0.03 0.0 
  5 0.43 + 0.02 0.39 + 0.03 0.36 + 0.03 0.35 + 0.03 0.36 + 0.04 0.0 
  20 0.43 + 0.02 0.38 + 0.02 0.35 + 0.03 0.32 + 0.03 0.32 + 0.05 0.0 
 IC 0 0.70 + 0.05 0.95 + 0.02 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 0.64 + 0.08 0.88 + 0.08 0.98 + 0.06 0.98 + 0.08 0.99 + 0.08 0.0 
  20 0.57 + 0.10 0.77 + 0.12 0.89 + 0.13 0.91 + 0.15 0.93 + 0.16 2.0 
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Table 2.  Mean (+ standard deviation of individual allele frequencies) of the average QTL 
frequency in five backcross (BC) of three unlinked QTL, each flanked by two markers, with 
300 animals per generation.  Results are based on 100 replicates. 
 
QTL frequency in BC generation % 
selected 
Marker 
interval 
(cM) 1 2 3 4 5 
2 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 
 5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 0.50 + 0.01 
 20 0.50 + 0.02 0.49 + 0.05 0.49 + 0.06 0.48 + 0.08 0.48 + 0.10 
5 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 
 5 0.50 + 0.00 0.50 + 0.01 0.50 + 0.00 0.50 + 0.01 0.50 + 0.01 
 20 0.49 + 0.01 0.49 + 0.02 0.49 + 0.03 0.48 + 0.04 0.48 + 0.05 
10 0 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 
 5 0.50 + 0.01 0.50 + 0.01 0.49 + 0.01 0.49 + 0.02 0.49 + 0.02 
 20 0.47 + 0.02 0.45 + 0.03 0.43 + 0.04 0.41 + 0.05 0.40 + 0.06 
20 0 0.44 + 0.02 0.40 + 0.03 0.37 + 0.03 0.36 + 0.04 0.35 + 0.04 
 5 0.44 + 0.03 0.40 + 0.03 0.37 + 0.04 0.36 + 0.04 0.35 + 0.05 
 20 0.43 + 0.03 0.38 + 0.03 0.35 + 0.04 0.32 + 0.05 0.30 + 0.05 
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Table 3.  Impact of number of QTL introgressed on the mean (+ standard deviation of 
individual allele frequencies) of QTL frequencies in five backcross (BC) and intercross (IC) 
generations and percentage of QTL lost (frequency < 0.1 in IC5) with population size of 500 
and 20% selected.  Results are based on 100 replicates. 
 
QTL frequency in each generation Number 
of  QTL Phase 
Marker 
Interval 
(cM) 1 2 3 4 5 
% 
QTL 
lost 
1 BC 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.0 
  5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 0.50 + 0.00 0.50 + 0.00 0.0 
  20 0.50 + 0.01 0.49 + 0.01 0.48 + 0.02 0.48 + 0.03 0.46 + 0.07 0.0 
 IC 0 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  20 0.91 + 0.13 0.96 + 0.11 0.97 + 0.13 0.97 + 0.13 0.99 + 0.08 6.0 
3 BC 0 0.44 + 0.02 0.40 + 0.02 0.37 + 0.02 0.36 + 0.03 0.38 + 0.03 0.0 
  5 0.43 + 0.02 0.39 + 0.03 0.36 + 0.03 0.35 + 0.03 0.36 + 0.04 0.0 
  20 0.43 + 0.02 0.38 + 0.02 0.35 + 0.03 0.32 + 0.03 0.32 + 0.05 0.0 
 IC 0 0.70 + 0.05 0.95 + 0.02 1.00 + 0.00 1.00 + 0.00 1.00 + 0.00 0.0 
  5 0.64 + 0.08 0.88 + 0.08 0.98 + 0.06 0.98 + 0.08 0.99 + 0.08 0.0 
  20 0.57 + 0.10 0.77 + 0.12 0.89 + 0.13 0.91 + 0.15 0.93 + 0.16 2.0 
5 BC 0 0.41 + 0.02 0.34 + 0.03 0.31 + 0.03 0.28 + 0.04 0.27 + 0.05 0.0 
  5 0.40 + 0.02 0.34 + 0.03 0.30 + 0.03 0.27 + 0.04 0.27 + 0.05 0.0 
  20 0.39 + 0.02 0.32 + 0.03 0.27 + 0.03 0.23 + 0.04 0.23 + 0.05 2.4 
 IC 0 0.49 + 0.11 0.71 + 0.15 0.89 + 0.11 1.00 + 0.02 1.00 + 0.00 0.0 
  5 0.48 + 0.10 0.68 + 0.12 0.87 + 0.09 0.98 + 0.03 0.99 + 0.04 0.0 
  20 0.39 + 0.11 0.54 + 0.16 0.69 + 0.17 0.81 + 0.16 0.87 + 0.16 1.0 
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Table 4.  Impact of uncertainty of QTL location in a region with 6 markers on mean (+ 
standard deviation of individual allele frequencies) of QTL frequencies for marker-assisted 
introgression of three unlinked QTL in five backcross (BC) and five intercross (IC) 
generations and percentage of QTL lost (frequency < 0.1 in IC5) with population size of 500  
and 20% selected.  For computation of marker scores, probabilities (L) of carrying the QTL 
were assigned to each marker interval of 4 cM, as specified for 6 alternative cases.  Results 
are based on 100 replicates. 
 
QTL frequency in each generation 
Case 1 2 3 4 5 
% 
QTL
lost 
1 L 0.0 0.0 1.0* 0.0 0.0  
 BC 0.44 + 0.02 0.40 + 0.02 0.37 + 0.02 0.36 + 0.03 0.38 + 0.03 0.0 
 IC 0.66 + 0.07 0.89 + 0.06 0.99 + 0.03 1.00 + 0.05 1.00 + 0.04 0.0 
2 L 0.1 0.2 0.4* 0.2 0.1  
 BC 0.44 + 0.02 0.40 + 0.02 0.37 + 0.03 0.36 + 0.03 0.37 + 0.04 0.0 
 IC 0.67 + 0.07 0.89 + 0.06 0.99 + 0.02 1.00 + 0.02 1.00 + 0.04 0.0 
3 L 0.2 0.2 0.2* 0.2 0.2  
 BC 0.44 + 0.02 0.40 + 0.02 0.37 + 0.03 0.35 + 0.03 0.37 + 0.04 0.0 
 IC 0.66 + 0.07 0.89 + 0.06 0.99 + 0.03 0.99 + 0.04 0.99 + 0.05 0.0 
4 L 0.0 0.0 1.0 0.0 0.0*  
 BC 0.42 + 0.02 0.36 + 0.02 0.32 + 0.03 0.29 + 0.04 0.29 + 0.05 0.0 
 IC 0.47 + 0.10 0.60 + 0.15 0.66 + 0.20 0.69 + 0.26 0.74 + 0.27 15.0 
5 L 0.1 0.2 0.4 0.2 0.1*  
 BC 0.43 + 0.02 0.38 + 0.02 0.36 + 0.03 0.34 + 0.03 0.34 + 0.04 0.0 
 IC 0.55 + 0.08 0.70 + 0.12 0.87 + 0.11 0.99 + 0.03 1.00 + 0.02 0 
6 L 0.2 0.2 0.2 0.2 0.2*  
 BC 0.43 + 0.02 0.38 + 0.02 0.36 + 0.03 0.34 + 0.04 0.34 + 0.04 0.0 
 IC 0.57 + 0.08 0.73 + 0.11 0.90 + 0.10 0.99 + 0.03 0.99 + 0.04 0.0 
 
* Interval that carries the QTL   
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SUMMARY 
 The efficiency of alternative models for marker-assisted genetic evaluation with 
multiple previously identified QTL for a trait with heritability 0.1 in a cross between inbred 
lines was evaluated by stochastic simulation. Three biallelic unlinked additive QTL were 
simulated in the middle of marker intervals of 0, 10, and 20 cM, with each QTL explaining 
12, 6, or 3% of genetic variance in the F2.  Three models for marker-assisted genetic 
evaluation were compared to standard BLUP (B): BM = B with markers included as fixed 
effects to track QTL by linkage disequilibrium generated by the cross; BMR = BM plus 
inclusion of QTL as random effects to account for QTL variation not captured by between-
breed linkage disequilibrium; and M = selection on the number of favorable marker alleles.  
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All MAS models resulted in greater responses than B in initial generations, but extra gains 
declined over generations.  The impact of the magnitude of QTL variance used for genetic 
evaluation for BMR on average QTL frequencies and response to selection was limited and 
differences in response between BM and BMR were small.  Selection with M gave greater 
response than B only up to the F5.  For BM and BMR, extra response over B and QTL 
frequencies increased when QTL effects increased and size of marker intervals decreased.  
The QTL were fixed most rapidly with M (>0.98 in F5).  The number of QTL that explained 
a given total amount of variance had no effect on the ranking of models in terms of QTL 
frequencies, although a larger number of QTL resulted in higher genetic gains in later 
generations.  Heritability had no effect on the ranking of the models but the benefits of MAS 
over BLUP were greater when heritability was lower.  Results showed that QTL detected in 
breed crosses can be used for subsequent selection within the cross, even using markers that 
are 20 cM apart.  Based on genetic gains and ease of implementation, model BM is 
recommended as the most suitable model for marker-assisted selection in crosses of inbred 
lines.   
INTRODUCTION 
The animal model BLUP method has been widely used for genetic evaluation to 
estimate breeding values of animals by using phenotypic and pedigree information for 
selection purposes.  Selection based on BLUP-EBV for economically important traits has 
resulted in significant genetic improvement in livestock.  However, genetic improvement 
based on BLUP-EBV can be limited for traits that have low heritability, that are sex-limited, 
or that are difficult to measure.  Therefore, the idea of directly selecting on genes controlling 
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these traits through linked genetic markers, i.e. marker-assisted selection (MAS), could be 
beneficial for genetic improvement.  
Rapid discovery of genetic markers has allowed quantitative trait locus (QTL) 
detection to be carried out for many traits and in many species.  Using a genome scan 
approach, a considerable number of QTL of moderate to large effects have been detected in 
pigs (e.g. Szyda et al. 2003; Nagamine et al. 2004), in cattle (e.g. Spelman et al. 2002), and  
in chickens (e.g. Liu et al. 2001; Yonash et al. 2001).  Most reported QTL in pigs are based 
on breed crosses that are divergent for one or more traits (Andersson 2001).  Detection of 
QTL in these crosses makes use of the linkage disequilibrium (LD) between markers and 
QTL (Dekkers & Hospital 2002).  Because LD created in a cross is extensive, the number of 
markers required for mapping is limited, but the resulting QTL regions are usually large (15-
50 cM) (Dekkers 2004).  In addition, the detected QTL are those that differ in frequency 
between the breeds used in the cross and may not segregate within the parental breeds.  Thus, 
to use QTL detected from crosses for within-breed selection, an extra assessment is needed to 
evaluate whether the QTL are segregating within the breed (Dekkers & Hospital 2002).  
Frequently, however, genetic improvement in pigs and poultry is within synthetic lines 
created by crossing two or more breeds.  These synthetic breeds integrate the superior 
characteristics of each breed, which can be accelerated by marker-assisted selection on QTL 
detected in the initial cross, utilizing the extensive LD generated in the cross (Dekkers et al. 
2001). 
A number of simulation studies have been carried out to evaluate the theoretical 
efficiency of MAS.  A MAS program can involve alternative analysis models and selection 
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criteria that use available marker and phenotypic information.  A BLUP-based selection 
model including a single QTL as a random effect linked to a marker was proposed by 
Fernando & Grossman (1989).  The MA-BLUP method for inclusion of marker data in 
BLUP of Fernando & Grossman (1989) was expanded to use flanking marker data and 
simplified to a multiple regression model on the markers effects treated as random when 
crosses of inbred lines were considered (Goddard 1992).  Zhang & Smith (1992) evaluated 
responses to MAS from crosses of inbred lines using the MA-BLUP method of Goddard 
(1992) for twenty generations.  The results showed that selection incorporating both 
phenotypic and marker data yielded the highest genetic gains, followed by conventional 
BLUP, and selection based on marker information alone (Zhang & Smith 1992).   
A selection index incorporating phenotypic and marker information was first used to 
evaluate the relative efficiency of MAS compared to conventional phenotypic selection by 
Lande & Thompson (1990).  The QTL associated with markers were detected using a 
multiple regression approach to capture LD generated by the cross of inbred lines and marker 
effects were considered as fixed effects.  Only highly significant partial regression 
coefficients of marker effects were included in the selection index.  The results supported the 
conclusion that MAS can be used to increase response to selection.   
Both Lande & Thompson (1990) and Zhang & Smith (1992) only modeled the effects 
of QTL through their associations with markers that result from the LD between markers and 
QTL that is generated by the initial cross.  When there is no recombination, LD generated by 
the cross accounts for all variation in the QTL.  If there is a recombination, however, the 
amount of QTL variance that is accounted for by the between-breed LD generated will 
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become smaller over generations.  The QTL variance that is not accounted for by the fixed 
effects can be modeled by random QTL effects through co-segregation using the original 
MA-BLUP model of Fernando & Grossman (1989).  Furthermore, selection increases the 
frequency of favorable QTL from 0.5 in the F2, resulting in a reduction of QTL genetic 
variance (Falconer & Mackay 1996).  The genetic model for conventional selection of 
quantitative traits is based on the infinitesimal theory, which assumes that traits are affected 
by an infinite number of unlinked genes (Nejati-Javaremi et al. 1997).  Under the 
infinitesimal theory, it is assumed that gene frequencies do not change, which is not valid 
when a population is under selection.  Although BLUP properly accounts for changes of 
genetic variance resulting from selection, it does not account for changes in variance 
resulting from changes in frequencies.  In a MA-BLUP model that includes both marker 
effects associated between-breed LD and random QTL effects, it is, however, not clear how 
much QTL variance is removed by the between-breed LD effects or how much this variance 
changes over generations.  Thus, the amount of variance attributed to the random QTL 
effects to be used for MA-BLUP within a cross is unclear.  The impact of using inaccurate 
estimates of QTL variance and location on the genetic response from MA-BLUP in an 
outbred population was studied by Spelman & van Arendonk (1997).  They showed that an 
overestimation of variance contributed by QTL had minimal impact on genetic gains over 
four generations.   
Given this background, the objective of this study was to evaluate the efficiency of 
MAS on multiple QTL that were previously detected in a line-crossing program using 
different analysis models that captured between-breed LD effects and/or co-segregation of 
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markers and QTL and different criteria for selection.  The impact of different QTL variances 
used for analysis, magnitude of QTL effects, distances between markers and QTL, 
heritabilities, and the number of QTL was considered. 
MATERIALS AND METHODS 
The breeding structure that was simulated resembled selection within a cross in pigs, 
albeit assuming parental lines are inbred.  In each generation, 5% of males and 25% of 
females were selected.  Mating of selected parents was at random and each family had eight 
offspring, resulting in 400 progeny in each generation, with equal numbers of males and 
females.  Selection was for 10 generations, starting in the F2.  The general approach was to 
generate a line cross population from two inbred lines that were fixed for alternate alleles at 
multiple unlinked QTL, for pairs of flanking markers, and for 100 unlinked polygenes.  For 
simplicity, all positive alleles for all QTL and polygenes were in one line.  Even though this 
scenario is unrealistic in practice, this cross leads to frequencies of markers, QTL, and 
polygenes to be 0.5 in the F2, which was the aim of the simulation. 
Genetic model simulated 
A single trait was simulated that was controlled by 100 unlinked additive polygenes, 
three biallelic unlinked additive QTL, and environment.  Each QTL was simulated at the 
center of marker intervals (d) of 0, 10 or 20 cM.  Markers were fully informative for line 
origin.  In the F2, the QTL and markers were in LD but the QTL and polygenes were in 
gametic phase equilibrium.  Polygenic effects were simulated as the sum of effects at 100 
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polygenes, each with the same effect.  Environmental effects were simulated as normally 
distributed variables.   
The phenotypic value of individual k (yk) was simulated as:  
kk
n
j
mjk
n
j
pjkk euvvy +++= ∑∑
== 1
)(
1
)(  
where vjk(p) and vjk(m) are the genetic values of the paternal and maternal alleles of QTL j of 
individual k, uk is the polygenic of individual k (Fernando & Grossman 1989; Zhang & Smith 
1992), and ek is a random environmental deviation which was assumed to be normally 
distributed with mean zero and variance )1( Pσ− , where h  is the heritability (total genetic 
variance/phe typic v e F
22h 2
no ariance) in th  2 and 2Pσ  is the phenotypic variance in the F2.  
Possible values for vjk(p) and vjk(m) were +½ Qα , where Qα  is the allele substitution effect for 
the QTL, which is the difference between homozygous and heterozygous genotypes for 
additive QTL(Falconer & Mackay 1996).  Polygenic effects (uk) were simulated as the sum 
of additive polygene effects (equal substitution effects Aα ) at 100 loci: 
200
ku ½∑±= α  =1j A
Alternative levels of effects (α ) at the QTL were 0.49, 0.35, and 0.24 genetic Q
standard deviations (σG), resulting in the three QTL jointly contributing 36, 18, or 9% of the 
total genetic variance in the F2.  To investigate the effects of the number of QTL, situations 
in which the same QTL variance was explained by six instead of three QTL were simulated 
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also.  Two levels of heritability were used: 0.1 and 0.25.  Other parameters that were used are 
in Table 1.  
Marker genotypes and phenotypic data were obtained for all individuals of both sexes 
prior to selection.  Marker genotypes and phenotypic and pedigree data were used in animal 
mixed model BLUP to obtain BLUE of fixed effects and BLUP of random effects.  Founders 
and ind
For genetic analysis, to capture the LD generated by the cross, phenotypes were 
regressed on the marker score (MS ) for each QTL j, which was equal to the number of 
alleles at the two flanking markers that originated from Line 1 (MSjk = 0, 1, 2, 3, or 4).  
Random QTL effects were fitted to capture co-segregation of markers and QTL, i.e., linkage 
between markers and QTL.  Based on this, the ll model used for genetic evaluation, which 
will be referred to as BMR, in each generation can be written as 
jkjkjiik evMSβgenerationy
1 1
 
od
Genetic evaluation 
ividuals in the F1 were not included in the pedigree, resulting in unknown parents of 
F2 individuals. 
jk
fu
∑ +∑ +++=
= =
n
j
ik
n
j
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ggnn ++++= , 
The full m el can be written in a matrix notation as  
eZuWvβXβXY
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where  )1( ×K  is the vector of observed phenotypes; nβ  and gβ )1( ×n  are non-genetic 
(generation) and genetic fixed effects (m re for each QTL); X
Y
arker sco n )1( ×K  and Xg 
)( nK ×  are a known incidence vector and matrix relating β and gβ to Y; v )12(n  ×nK  is a 
vector of random QTL effects deviated from their QTL m u )1( ×K  is a vector of 
additive polygenic effects; and e )1(
eans; 
×K  is a vector of environmental effects, which is 
assumed to be normally distributed w ean 0 and covariance m Pσ ).  
Matrix 
s an incidence matrix relating additive QTL eff  effects of 
all individuals included in the analysis (Fernando & Totir 2003). 
Genetic es
generations were obtained by solving the following mixed model equations (Fernando & 
Totir 2003):  
⎥
⎢
⎢⎥⎢
∑+
⎥⎢
YW'ZRW'WRW'XRW'XRW'v vgnˆ
where  is the conditional gametic variance-covariance matrix of v given the relationship 
information and marker genotypes, and  is the conditional variance-covariance matrix of 
u given the relationship information, uti g pedigree.  
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ects and total additive
W = ZV relates the gametic effects of an individual with its phenotypic values, where 
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Matrices vΣ and uΣ  are functions of 
identity by descent (IBD) probabilities and the variance of QTL effects, and the va
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additive polyge
was set equal t  remain constant 
ratio
Comparison of analysis models 
ll
nic effects, respectively.  The polygenic variance used for genetic evaluation 
o the true polygenic variance in the F2 and was assumed to
across gene ns.   
The fu  model, eZuWvβXβXY ggnn ++++= , was used to derive four different 
models
Model BMR: 
ce in the F2) to investigate the 
robustness of QTL variance used for genetic evaluation on the efficiency of MAS. 
 that were used for analysis as follows, and that are summarized in Table 2:  
Model B: the regular animal mixed model without marker data (BLUP).  The total 
genetic variance in the F2 was used as the genetic variance, 
Model M: the sum of the number of marker alleles originating from Line 1 (marker 
scores) over a pair of flanking markers, 
Model BM: Model B with marker scores as fixed effects,  
Model BM with random QTL effects (for d > 0 only)  
For model BMR, the random QTL effects model the QTL variance that is not 
accounted for by the fixed effects (between-breed LD generated by the cross) through co-
segregation.  Because it is not clear how much QTL variance is removed by the fixed QTL 
effects to be used for MA-BLUP, four different values of QTL variance for random QTL 
effects were used (10, 25, 50 and 100% of the true QTL varian
Each generation, selection of sires and dams was on the sum of estimated QTL effects 
and estimated polygenic effects, as summarized in Table 2.  The main criterion to evaluate 
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the efficiency of alternate models was to compare the cumulative response to selection (CR) 
by generation (t) and the cumulative discounted response (CDR) to selection in the F11.  The 
CDR is a weighted average of cumulative responses over generations (T), with weights equal 
to a discounted rate using an interest rate of r per generation:  
∑ += T trCDR )1(1[
t
tCR]  
A discounted rate of 10% per generation was used.  The CR and CDR were presented as a 
percentage of superiority over standard BLUP.  In addition, the frequency of favorable QTL 
alleles in each generation averaged over loci was obtained.  An approximate standard error was 
obtained by 
RESULTS  
Effect of QTL variance used for analysis (h2 = 0.1) 
In Table 3 is shown that the variance used for the random QTL effects in the full 
analysis in model BMR had limited impact on average QTL frequencies, CR, and CDR.  
Even th
averaging standard errors across models and marker intervals.  Results were based 
on 500 replications. 
ough differences were not statistically significant ( 05.0>p ), the BMR model with 
random QTL variance set equal to the true QTL variance in the F2 produced the highest 
CDR.  The results were consistent for the large (36% 2gσ ) and small (9% 2gσ ) QTL effects 
(results not shown).   As a result, all subsequent analyses will only focus on using the F2 QTL 
variance for BMR. 
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Effects
CR and CDR:
nt (p > 0.05) differences in CDR 
between BM and BMR in all cases.  The CDR for M was lower than CDR from B for all 
sizes of QTL effects and marker intervals.  Size of the marker interval in a range of 10-20 cM 
did not
The greater CR from selection on markers, however, was obtained at the expense of 
lower polygenic gains (Table 5).  Cumulative polygenic responses were considerably lower 
with BMR, and BM in the F  than with B.  Cumulative polygenic response for BMR and BM 
declined with increasing sizes of QTL effects and marker intervals.  With known QTL 
 of analysis models, size of QTL effects, and size of marker intervals  
The effects of the analysis model, the size of QTL effects, and the size of marker 
intervals on CR and CDR are in Table 4, and those on cumulative polygenic response are in 
Table 5.  The extra CR over B was greatest for all models in the first round of selection (F3) 
and then decreased over generations (Table 4).  For all marker interval sizes, BM resulted in 
significantly greater CR than M and B.  The CR for M became lower than CR for B by the F5 
for all QTL effect sizes.  
The CR and CDR for BM, BMR and M became smaller as the size of the marker 
intervals increased and the size of QTL effects decreased (Table 4) as expected.  Models 
BMR and BM resulted in similar CR and CDR, except for a significantly (p < 0.01) greater 
CR for BM in the first two generations when QTL effects were large and d = 10 cM, slightly 
higher CR after the first round of selection with medium and small QTL effects and d = 10 
and 20 cM.  There were, however, no statistically significa
 affect the CR from M after two rounds of selection, or the CDR in the F11.  
3
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position, cumulative polygenic responses for M were the lowest compared to B, regardless of 
size of QTL effects and size of marker intervals (p > 0.05). 
 QTL Frequencies:  
Table 6 shows the effects of analysis model, size of QTL effects, and size of marker 
intervals on QTL frequencies.  For all models and marker intervals, QTL frequencies 
increased with size of QTL effects.  The QTL frequencies from B were the lowest, followed 
by BMR, BM and M.  Model M resulted in near fixation of the QTL (frequencies > 0.98) by 
the F5.  Larger marker intervals resulted in lower QTL frequencies for all MAS models.  
TL frequencies did not reach fixation at 1.00 because of 
double recombination events.  As expected, average frequencies from B were not affected by 
the size of marker intervals 
similar for small QTL effects.  The period of time that the QTL frequencies for 
BM were greater than those for BMR increased with an increase in size of marker intervals 
and size of QTL effects.   
Table 7 shows the effects of the number of QTL (3 versus 6) on QTL frequencies, CR 
and CDR.  The sizes of QTL effects for the cases with 3 and 6 QTL were set such that they 
jointly explained the same amount of total QTL variance in the F2 (36 or 18% of genetic 
With non-zero intervals, the Q
 With non-zero marker intervals (d = 10, 20) and large and medium QTL effects, BM 
produced significantly higher QTL frequencies than did BMR.  Frequencies for BM and 
BMR were 
Effect of the number of QTL 
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v e).  Model M was not considered here because of undesirable responses from previous 
analyses.    
arianc
Three QTL resulted in higher absolute genetic responses than six QTL for BM, BMR, 
and B for all generations.  In addition, three QTL resulted in higher CR (% over B) than six 
QTL for BM and BMR after one round of selection (F3) but in smaller response in later 
generations.  As a result, CDR with six QTL was considerably higher than CDR with three 
h BM and BMR, except with BM and medium QTL effects (p > 0.05).  
Cumulative polygenic responses (% versus BLUP) were significantly greater with three than 
six QTL for all generations (results not shown). 
selection but declined over 
generations.  The number of QTL had no effect on the ranking of models in terms of QTL 
frequencies, i.e. BM resulted in slightly higher frequencies than BMR, and B resulted in 
substantially lower frequencies than both BM and BMR.    
Table 8 shows the effects of heritability on QTL frequencies, CR and CDR.  Model 
M was not under consideration because its absolute responses are not expected to be affected 
by heritability and is, thus, expected to do even worse compared to BLUP with higher 
heritability.  The QTL frequencies for B were higher with higher heritability but QTL 
frequencies for BM and BMR were not affected by heritability.  
QTL (p < 0.01) for bot
 Increases in QTL frequencies were smaller for six compared to three QTL regardless 
of the size of QTL effects and analysis models (Table 7).  Differences in QTL frequencies 
between three and six QTL were large in the first round of 
Effect of heritability 
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Although the abso 2 = 0.1 
for all m
2 2
In pigs and poultry, genetic improvement within synthetic lines created by crossing 
two or more breeds is common.  Synthetic lines integrate the superior characteristics of each 
breed, which can be accelerated by MAS on QTL detected in the initial cross.  In this study, 
the efficiency of MAS over the standard BLUP was investigated for alternate models used 
for genetic evaluation.  The effects of size of QTL effects, size of marker intervals, 
heritability, and the number of QTL that explained the same total QTL variance on MAS 
efficiency, and the comparison between alternate models of genetic evaluation were 
investigated as well.  The efficiency of MAS was evaluated based on the percentage of 
cumula
lute genetic response was greater with h2 = 0.25 than with h
odels and all generations (not shown), CR as a % over B was significantly (p < 0.01) 
lower with h  = 0.25 than with h  = 0.1 for all generations (Table 8).  Cumulative polygenic 
responses for BM and BMR (% over B) increased with heritability.  In addition, BMR had 
higher cumulative polygenic responses than BM for all generations (results not shown).  The 
ranking of CR, CDR (% versus B), and cumulative polygenic responses for BM and BMR 
were, however, not affected by heritability. 
DISCUSSION AND CONCLUSIONS 
tive response (CR) and cumulative discounted response (CDR) over selection on 
BLUP EBV without marker information.  The CDR is the CR over a time horizon weighted 
by a discounted rate, such that more emphasis is put on genetic improvement made in early 
generations than on improvement in later generations.  In this study, a 10% discounted rate 
was applied, which is suitable for species with short generation intervals such as poultry or 
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pigs (Dekkers & Chakraborty 2001).  A higher discounted rate can be used for species with a 
longer generation interval such as cattle (Dekkers & Chakraborty 2001).  
The results from this study showed a consistent advantage of MAS over standard 
BLUP 
) properties of  
traits, e.g. heritability; 5) the time horizon; and 6) the time when selection decisions are 
made, i.e. before or after the availability of phenotypic data (Meuwissen & Goddard 1996). 
 QTL (Fernando & Grossman 1989).  In other words, the marker score 
captures the differences in QTL frequencies between lines to the extent that markers are in 
LD with the QTL, which will erode over generations due to recombination.   
selection, but it declined over generations.  Results also showed that QTL detected in 
breed crosses can be used for subsequent selection within the cross, even using markers that 
are 20 cM apart.  The advantage of MAS primarily depends on 1) population structure, e.g. 
inbred versus outbred line crosses;  2) the analysis model and selection criteria; 3) properties 
of QTL and markers, e.g. the size and accuracy of QTL effects and the size of marker 
intervals (Meuwissen & van Arendonk 1992; Spelman & Garrick 1997); 4
A cross between inbred lines generates variance at QTL from differences in QTL 
frequencies between the lines (population-wide LD).  The population-wide LD can be 
captured by markers that are informative for breed origin as a marker score, which affects the 
phenotypic mean at
The full model (BMR), which included fixed and random QTL effects, was used to 
examine the effects of four different levels of QTL variance used for analysis.  Rates of 
genetic improvement were not sensitive to the QTL variance used for genetic evaluation.  
This result is consistent with the results of Spelman & van Arendonk (1997), who examined 
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selection using MA-BLUP in an adult multiple ovulation and embryo transfer nucleus 
breeding scheme.   
For models M, BM, and BMR, the CR and CDR (% over B) were higher than those 
from standard BLUP, but declined over generations.  This is caused by two factors.  First, 
using marker information increases the accuracy of selection (Meuwissen & Goddard 1996) 
and lea
n pressure on polygenes.  These same phenomena have been 
observed in other simulation studies (Gibson 1994; Meuwissen & Goddard 1996). 
996).   
ds to a rapid increase in QTL frequencies from 0.5 to fixation.  As a result of fixation 
of QTL frequencies, the QTL variance is reduced, causing a plateau in genetic gain from 
QTL for MAS.  With selection on BLUP from phenotype only, QTL frequencies also 
increase but at a lower rate than with MAS but they eventually catch up with QTL 
frequencies for MAS.  Second, cumulative polygenic responses are higher for BLUP than 
with MAS in all generations, even after QTL frequencies approach fixation with MAS, 
leading to an increase in selectio
In the F11, CR for BM and BMR were comparable to those for BLUP, bringing about 
the limited benefits of MAS over standard BLUP (Goddard & Hayes 2002).  Benefits from 
MAS over standard BLUP disappeared faster if the QTL reached fixation faster.  The CR and 
CDR (% versus B) for all models generally decreased with a decrease in the size of QTL 
effects and an increase in the size of marker intervals.  These results are consistent with other 
studies (Meuwissen & van Arendonk 1992; Gibson 1994; Ruane & Colleau 1995; 
Meuwissen & Goddard 1
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Although model M resulted in lower responses than BLUP on phenotype, this model 
can be used without collecting phenotypes and can provide a significant increase in 
cumulative genetic response for a few rounds of selections for some traits, including traits 
that cannot be directly measured, such as meat quality traits and disease resistance traits.  
Measurement of most meat quality traits and disease resistance traits can only be obtained by 
sacrificing animals either by slaughtering or by disease challenge.  Furthermore, with embryo 
technologies, model M can be used to select immature individuals or diploid cell lines 
(Visscher et al. 2000).  
Adding random QTL effects to the fixed QTL effects and polygenic effects in model 
BMR resulted in marginal increases in response due to size of marker intervals.  The small 
size of marker intervals limits the amount of co-segregation variance between markers and 
QTL because it depends on the recombination rate between markers and QTL.  For example, 
with d
Having the same variance explained by more QTL resulted in lower increases in QTL 
frequencies because QTL effects were smaller for six versus three QTL, which leads to 
 = 0 cM the co-segregation variance is zero.  Based on genetic gains and ease of 
implementation, BM is the recommended model for genetic evaluation in a synthetic line.  
However, the best model can be different when considering crosses between outbred lines, 
which would be the case for livestock, compared to the inbred line crosses simulated here.  
The genetic variance in the cross is a combination of between-line and within-line variances.  
Random QTL effects can capture the QTL segregation variance within lines by following the 
co-segregation of markers and QTL within families.  As a result, BMR may perform better 
than BM for crosses between outbred lines.  
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slower fixation of QTL.  An increase in the number of QTL also resulted in a lower CR in the 
first few generations, but higher CR in later generations and a considerably higher CDR.   
For a given amount of variance explained by the QTL, maximal genetic gains at the QTL 
from the F
 
 in the same total QTL 
variance, the ratio of QTL effects for six versus three QTL has to b
2 to fixation increase when the number of QTL increases and are the product of the 
number of QTL and the effect per QTL (equal QTL effects).  To result
e 21 .  As a result, the 
ratio of maximal genetic gain at the QTL from the F2 to fixation for the six QTL case 
compared to the three QTL case is 4.122)*3*6( 36 ≅=αα .  However, there were trade-
offs between higher genetic gains and losses of polygenic gains in early generations, and 
between lower genetic gains and higher polygenic gains in later generations.  This can be 
seen for the six QTL, in that the selection pressure in later generations was less on polygenes, 
thus bringing about lower cumulative polygenic responses than those with three QTL.  The 
same patterns of QTL frequencies and CR were true for the medium QTL effects.     
In this study, markers were fully informative and a QTL in a marker bracket was 
previously detected without error.  When these scenarios are not valid, genetic improvement 
would be expected to be lower  study.  For future research, it 
ill be hole 
Genetic gains in general increase with heritability of the trait due to an increase in the 
accuracy of selection.  However, the benefits of MAS over standard BLUP were greater for 
lower heritability traits. These results are consistent with other studies (Lande & Thompson 
1990; Meuwissen & Goddard 1996).  
 than the results shown in this
w  of interest to investigate the efficiency of MAS of multiple QTL for the w
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genome with the additional process of QTL detection.  The efficiency of MAS would be 
selected on then depends on choice of the significance threshold.  The threshold also affects 
the genotyping costs associated with the implantation of MAS.  Moreover, the effects of 
favorab e examined.   
 This work was funded by a USDA/CSREES IFAFS grant # 00-52100-9610. 
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Table 1. Parameters used in the simulations 
 
Parameter Values 
Trait heritability in F2 0.1, 0.25 
Total QTL variance in F2 (% of total genetic variance) 36, 18, 9 
QTL variance used for genetic evaluation (% of true QTL variance in F2) 10, 25, 50, 100 
Number of unlinked QTL  3, 6 
Number of polygenes 100 
Number of markers per QTL 2 
Length of marker intervals in cM, QTL at center 0, 10, 20 
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Table 2. Genetic evaluation models used for the MA-BLUP analysis and the criterion (sum 
of BLUE and BLUP estimates corresponding to the model) used for selection.  
 
Model Model for genetic evaluation1) Criterion for selection (I) 
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y1) ik is the observable trait phenotype for individual k of generation i; jβ  is the marker score 
effect for QTL j; MSjk is the marker score for QTL j for individual k in generation i; vijk is 
random (co-segregation) effect of QTL j of individual k in generation i; uik is the 
2) ce associated with random QTL effects: 10, 25, 50, 
or 100% of the QTL variance in the F2
 
 
polygenic effect of individual k in generation i; n is the number of QTL.   
Four alternatives were used for varian
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Table 3. Effect of level of QTL variance used for random QTL effects in model BMR on 
average QTL frequencies and cumulative responses (CR, % over BLUP) in the F3, F7 and 
F11, and on cumulative discounted (10%) response (CDR, % over BLUP) in the F11.  The trait 
had heritability 0.1 and three QTL explaining 36% of genetic variance in the F2 in 20 cM 
marker intervals.  
 QTL variance used (% of QTL variance in F2) 
 10%  25%  50%  100% 
 F3 F7 F11  F3 F7 F11 F3 F7 F11  F3 F7 F11
QTL 
frequency 0.71 0.94 0.98  0.71 0.93 0.97  0.70 0.93 0.98  0.69 0.93 0.97
CR  
(%over B) 
32 5 1  33 4 1  34 5 1  34 5 1 
CDR  
(%over B) 
  5.3    5.0    5.2    5.6 
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Table 4. Effect of size of QTL effects, size of marker intervals, and model of analysis on 
cumulative responses (% over BLUP) in the F3, F7 and F11, and cumulative discounted (10%) 
response (CDR, % over BLUP) in the F11 for a trait with heritability of 0.1 in the F2.  
 
Large QTL  
(36% 2g )σ 2)  
Medium QTL  
(18% ) 2gσ  
Small QTL  
9% 2g ) ( σ
Marker 
Interval 
 (cM) 
Model1)
F3 F7 F11 CDR  F3 F7 F11 CDR  F3 F7 F11 CDR
0 BM 91 9 0 13 45 7 2 8 17 4 3 5 
 M 80 -51 -69 -45 26 -66 -80 -63 -12 -76 -86 -74 
10 BM 80 9 0 12 37 6 1 7 10 4 2 4 
 BMR 76 9 1 12 38 8 3 8 12 5 2 5 
 M 73 -53 -70 -47 20 -69 -81 -65 -16 -78 -87 -76 
20 BM 70 7 0 9 32 4 0 5 9 2 1 2 
 BMR 66 8 2 10 34 5 1 6 11 2 1 2 
 M 62 -54 -71 -49 14 -68 -81 -65 -20 -78 -87 -76 
 
1)  See Table 2 for explanation of models used for genetic evaluations.  For BMR, random 
QTL variance was set equal to the QTL variance in the F2. 
2) % of genetic variance in the F2 explained by the three QTL jointly. 
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Table 5. Effect of size of QTL effects, size of marker intervals, and model of analysis on 
cumulative polygenic responses (% over BLUP) in the F3, F7 and F11 for a trait with 
heritability 0.1 in the F2.   
 
Large QTL  
(36% )2gσ 2)
Medium QTL 
18% 2g ) ( σ  
Small QTL  
(9% ) 2gσ
Marker 
Interval 
(cM) 
Model1)
F3 F7 F11 F3 F7 F11  F3 F7 F11
0 BM -64 -10 -4 -45 -10 -4  -33 -8 -3 
 M -102 -100 -100 -102 -100 -100  -102 -100 -100 
10 BM -63 -10 -4 -43 -9 -5  -34 -7 -3 
 BMR -39 -8 -3 -32 -7 -2  -29 -6 -3 
 M -103 -102 -101 -103 -102 -101  -103 -102 -101 
20 BM -60 -12 -4 -42 -9 -5  -31 -7 -3 
 BMR -36 -8 -1 -30 -7 -3  -25 -6 -3 
 M -104 -100 -101 -103 -100 -101  -103 -100 -101 
 
1)  See Table 2 for explanation of models used for genetic evaluations.  For BMR, random 
QTL variance was set equal to the QTL variance in the F2. 
2) % of genetic variance in the F2 explained by the three QTL jointly. 
 
 
Table 6. Effect of size of QTL effects, size of marker intervals, model of analysis on average 
QTL frequencies in F3, F7 and F11 for a trait with heritability 0.1 in the F2.  
 
Large QTL (36% 2g )σ 2)  Medium QTL  (18% )2gσ  Small QTL (9% 2g ) σMarker Interval 
 (cM) 
Model1)
F3 F7 F11 F3 F7 F11 F3 F7 F11
0 B 0.56  0.84 0.95 0.54 0.75 0.88  0.53 0.69 0.80 
 BM 0.80 1.00 1.00 0.75 0.98 1.00  0.70 0.93 0.97 
 M 0.82 1.00 1.00 0.82 1.00 1.00  0.82 1.00 1.00 
10 B 0.56 0.83 0.95 0.55 0.75 0.87  0.53 0.68 0.79 
 BM 0.78 0.99 1.00 0.73 0.96 0.99  0.68 0.89 0.95 
 BMR 0.74 0.98 1.00 0.71 0.95 0.99  0.67 0.89 0.96 
 M 0.81 0.99 0.99 0.81 0.99 0.99  0.81 0.99 0.99 
20 B 0.57 0.83 0.95 0.55 0.76 0.88  0.53 0.69 0.80 
 BM 0.76 0.98 1.00 0.71 0.94 0.98  0.67 0.86 0.92 
 BMR 0.73 0.97 1.00 0.69 0.93 0.97  0.65 0.85 0.92 
 M 0.80 0.98 0.98 0.80 0.98 0.98  0.80 0.98 0.98 
 
1)   See Table 2 for explanation of models used for genetic evaluations.  For BMR, random 
 QTL variance was set equal to the QTL variance in the F2. 
2)  % of genetic variance in the F2 explained by the three QTL jointly. 
 
 
 
 
 
 
 
 
 
 
 
 
. 
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Table 7.  Effect of number of QTL (3 versus 6) on QTL frequencies, cumulative responses 
(CR, % over BLUP) in F3, F7 and F11, and cumulative discounted (10%) response (CDR, % 
over B) in the F11.  The QTL jointly explained the same total variance (36 or 18 % of genetic 
variance in the F2).  Trait heritability was 0.1 in the F2 and markers intervals were 20 cM. 
3 QTL  6 QTL    F3 F7 F11  F3 F7 F11
 Model1) QTL explain 36%2) of genetic variance  
QTL frequency B 0.57 0.83 0.95  0.54 0.75 0.87 
 BM 0.76 0.98 1.0  0.67 0.93 0.98 
 BMR 0.73 0.97 1.0  0.65 0.91 0.97 
CR  BM 70 7 0  66 13 4 
 BMR 66 8 2  65 15 7 
CDR BM         9.34          14.03 
 BMR         10.13          16.28 
 QTL explain 18%2) of genetic variance  
QTL frequency B 0.55 0.76 0.88  0.53 0.68 0.79 
 BM 0.71 0.94 0.98  0.64 0.86 0.93 
 BMR 0.69 0.93 0.97  0.65 0.85 0.92 
CR  BM 32 4 0  21 4 2 
 BMR 34 5 1  14 3 1 
CDR BM         4.70          4.80 
 BMR         5.64          6.07 
 
1)   See Table 2 for explanation of models used for genetic evaluations.  For BMR, random 
 QTL variance was set equal to the QTL variance in the F2. 
2)  % of genetic variance in the F2 explained by the three QTL jointly.  
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Table 8.  Effect of trait heritability in the F2 on QTL frequencies, cumulative responses (CR, 
% over BLUP) in F3, F7 and F11, and cumulative discounted (10%) response (CDR, % over 
BLUP) in the F11 for analysis with models B, BM and BMR with medium QTL effects (3 
QTL jointly explaining 18% of genetic variance in the F2), and 20 cM marker intervals. 
h2 = 0.1  h2 = 0.25   Model1) F3 F7 F11  F3 F7 F11
QTL frequency B 0.55 0.76 0.88  0.57 0.81 0.93 
 BM 0.71 0.94 0.98  0.70 0.94 0.99 
 BMR 0.69 0.93 0.97  0.68 0.93 0.99 
CR  BM 32 4 0  12 2 0 
 BMR 34 5 1  12 3 1 
CDR BM         4.7          2.4 
 BMR         5.6          3.0 
 
1)   See Table 2 for explanation of models used for genetic evaluations.  For BMR, random 
 QTL variance was set equal to the QTL variance in the F2. 
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CHAPTER 4 
QTL DETECTION AND MARKER-ASSISTED COMPOSITE LINE 
DEVELOPMENT 
A manuscript in preparation for submission to 
Journal of Animal Breeding and Genetics 
 
N. Piyasatian1), L. R. Totir2), R.L. Fernando1), and J.C.M. Dekkers1)
1) Department of Animal Science and Center for Integrated Animal Genomics,  
Iowa State University, Ames, IA 50011 USA. 
 
 
2) Pioneer Hi-Bred International, Inc., Johnston, IA 50131-0184 
 
SUMMARY 
Efficiency of marker-assisted selection (MAS) following QTL detection in a 
composite line from a cross between inbred lines was evaluated for a trait with heritability 
0.1 or 0.25.  Only significant markers from an initial QTL scan in the F2 generation of the 
cross were included for MAS.  Responses to the following selection criteria were 
investigated: MR = sum of BLUE of marker scores; BM = MR + BLUP of undetected QTL; 
and M = number of favorable marker alleles.  Reponses to selection over 10 generations, 
starting from the F2, were compared with BLUP selection on phenotype.  All MAS strategies 
outperformed BLUP selection in initial generations by rapidly increasing the frequency of 
detected QTL.  BM outperformed other criteria in all generations even when phenotypic data 
were available only in the F2.  With phenotypic data in all generations, responses to MR and 
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M tended to be comparable.  When phenotypic data were available only in the F2, MR gave 
the lowest genetic gain.  The efficiency of MAS depends on stringency of the threshold used 
for QTL detection.  With phenotype and marker data available in all generations, responses 
increased when using a less stringent threshold.  With an unequal distribution of favorable 
QTL alleles in the parental lines, benefits of MAS over BLUP were greater for models that 
did not include polygenic effects when marker intervals were large, comparing to having an 
equal distribution of favorable QTL alleles.  A reduction in the size of marker intervals can 
reduce responses when backward elimination regression was used for QTL detection phase.  
Benefits of MAS over BLUP were lower with high heritability.   
INTRODUCTION 
The standard strategy for incorporating markers in selection programs includes two 
stages: (1) QTL detection and (2) use of the detected QTL for MAS.  The genome scan 
approach based on linked markers, e.g. microsatellite markers or single nucleotide 
polymorphisms (SNPs), has been used to identify chromosomal regions associated with 
quantitative trait loci (QTL) for traits of economic importance.  The detected QTL regions 
are typically 10-20 cM in length.  Not only can a genome scan approach not identify the 
exact position, it also cannot quantify the QTL effects accurately and results in false 
positives, i.e. falsely identified QTL in linkage to markers when such a QTL is not present 
(Dekkers & Hospital 2002).  The number of detected QTL that will be used for selection 
depends on the stringency of the threshold used for determining significance of QTL in a 
genome scan.  Decreasing the stringency of the significance threshold leads to an increase in 
the power of QTL detection and to an increase in the number of detected QTL, but also in 
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and increase of the number of false positives (Moreau et al. 1998).  All of these factors affect 
the efficiency of MAS.  Marker-assisted selection with a large number of false positives 
leads to lower accuracy of MAS due to overestimated QTL variance and also leads to higher 
genotyping costs (Hayes & Goddard 2003).  Thus, there is an optimal threshold to use for 
QTL detection and subsequent MAS. Hayes & Goddard (2003) investigated the impact of 
three alternate significance thresholds, i.e. genome-wide, chromosome-wide, and point-wise 
thresholds, on the profitability of MAS in half-sib pig populations.  The results showed that 
using chromosome-wide and point-wise thresholds gave the highest response to selection 
over BLUP selection on phenotype.  However, using a genome-wide threshold gave the 
highest profit because it required the fewest markers to be genotyped. 
Frequently, genetic improvement in pigs and poultry is carried out by cross breeding 
two or more breeds to establish synthetic breeds.  These synthetic breeds integrate superior 
genes from each breed. The purpose of this paper was to further evaluate the efficiency of 
MAS in a line-crossing program.  Different analysis models and different criteria for 
selection were examined.  Alternative values of significance thresholds for QTL detection, 
the distribution of favorable QTL effects across parental lines, and size of marker intervals 
were investigated.  The impact of availability of marker and phenotypic information in later 
generations and level of heritability were also evaluated.  
 87
MATERIALS AND METHODS 
Genetic model and population structure simulated 
 A cross between two inbred lines that were fixed for alternative alleles at multiple 
QTL, and pairs of flanking markers was simulated stochastically.  The genomes of the inbred 
lines consisted of 18 chromosomes of 100 cM, with markers at an interval of 20 cM that were 
informative for line origin.  A random 50% of the intervals was simulated to contain a QTL, 
with position within the interval assigned at random.  Effects of the biallelic additive QTL 
were sampled from a standard normal distribution and rescaled relative to a random normally 
distributed environmental effect that was added, to result in a trait heritability of 0.1 and a 
phenotypic standard deviation of 14.14.  The favorable QTL allele (i.e. having a positive 
effect on the trait) was sampled with either 50/50 or 75/25 probabilities to be from Line 1 
versus Line 2.  An alternative scenario with marker intervals of 10 cM was simulated also by 
adding an informative marker to the center of each 20 cM interval.  
 A closed pig breeding program was assumed.  Each generation, 5% of males and 25% 
of females were selected, mated at random, and produced 8 offspring per female, resulting in 
400 progeny per generation.  Individuals were genotyped for all (92 or 182) markers starting 
in the F2.  Phenotypic and marker data were observed in each generation or only in the F2.   
QTL detection 
One of the most widely used statistical methods for QTL mapping in livestock is 
based on least squares with flanking markers (Xu 1998).  This is because it is relatively easy 
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to compute and sufficient for screening large populations for specific traits.  Least squares 
mapping was used to detect QTL in this research.  
 For each marker interval and each individual, a marker score (MS = 0 to 4) was 
computed as the number of alleles at the flanking markers that originated from Line 1.  The 
MS captures the gametic phase disequilibrium created in crosses.  In the F2, backward 
elimination regression, one of several variable-selection procedures that are available, was 
used for QTL detection.  The process starts with all marker intervals across the genome 
included in the model as follows:   
∑ +=
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2222 , 
where y2k is the observable trait phenotype for individual k in the F2; j2β  is the marker score 
effect for QTL j in the F2; MS2jk is the MS for interval j of individual k in the F2; N is the total 
number of marker intervals; and e2k is a random environmental deviation in the F2 which was 
normally distributed with mean zero and variance .   2Eσ
The marker interval with the largest p-value was the candidate interval to be removed 
from the model.  If the candidate interval also had a p-value larger than a specified threshold, 
that marker interval is removed from the model and the model was refitted.  Each subsequent 
step removed the least significant marker interval in the model until all remaining marker 
intervals had individual p-values smaller than the chosen threshold, or there was no marker 
interval remaining in the model.  Significant QTL included all marker intervals that remained 
in the final model, regardless of whether they contained a QTL with non-zero effects.  These 
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were included in the genetic evaluation model.  Two levels of significance thresholds were 
investigated: α = 0.05 and 0.01.  Other parameters that were used are in Table 1.  
Genetic evaluation 
 Based on results from a previous study (Chapter 3), the model incorporating marker 
scores and polygenes (BM) was recommended for genetic evaluation in a synthetic line due 
to high genetic gains and ease of implementation.  Only marker intervals that were 
significant at the QTL detection phase were included for the genetic evaluation.  The QTL 
that were not detected were called residual QTL, which can be considered as polygenes, and 
fitted in the model as well through a polygenic effect with relationships.    
 Due to the assumption of the gametic phase equilibrium between QTL and markers, 
founders and individuals in the F1 were not included in the pedigree, resulting in unknown 
parents of F2 individuals.  As a result, pedigree data contained only F2-F11 individuals. 
   The full model used for MA-genetic evaluation assumed that the effect associated 
with an interval was not the same for each generation due to recombination: 
∑
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where y  is the observable trait phenotype for individual k of generation i; ik ijβ  is the marker 
number of significant marker intervals; and eik is a random environmental deviation which 
score effect for QTL j of generation i; MSijk is the MS for significant interval j of individual k 
of generation i; jku  is the polygenic breeding value of individual k of generation i; n is the 
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was normally distributed with mean zero and variance , where h22 )1( Ph σ− 2 is the heritability 
(total genetic variance/phenotypic variance) in the F2 and 2Pσ  is the phenotypic variance in 
the F
 
2.  Selection was on the sum of estimates of significant marker intervals across the 
genome and polygenic effects: 
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The polygenic variance was assumed constant across generations and obtained by subtracting 
the true genetic variance explained by significant QTL in the F2 from the true total genetic 
variance.  Setting the polygenic variance to zero results in a model that contains only marker 
scores.   
Comparison of analysis models 
 The full model was used to derive the following four different models that were used 
for analysis and that are summarized in Table 2:  
Model B: The regular animal mixed model for analysis of phenotype without marker 
data (BLUP).  The total genetic variance in the F2 was used as the genetic 
variance, 
Model M: The total number of marker alleles for significant intervals that originated 
from Line 1 (marker scores) over a pair of flanking markers, 
Model MR: Model M with marker effects estimated by regression, ignoring polygenes. 
Model BM: Model B with marker effects estimated by regression.  The polygenic 
 91
variance was obtained by subtracting the true detected QTL variance from 
the total genetic variance. 
 
Responses to MAS were compared with model B.  For MAS, phenotypes and marker 
information were either available each generation, in which case marker effects were re-
estimated each generation using data from all generations, or available in the F2 only.    
For MR, when phenotypic data were available only in the F2, BLUE of marker scores 
obtained in the F2 were used for selection over ten generations (F2-F11).  Selection with BM 
when marker data were available only in the F2, was based on BM selection in the F2 and on 
BLUP selection afterwards.  In practice, these types of scenarios of having either phenotypic 
or marker data available only in the F2 could represent traits that are difficult or expensive to 
measure, such as meat quality traits and disease resistance traits. 
The efficiency of the use of alternate models for genetic evaluation was evaluated 
based and cumulative response (CR) and cumulative discounted response (CDR) with a 10% 
discount rate over ten generations (F2-F11).  The CR and CDR were presented as a percentage 
of superiority over BLUP.  Rates of increase in frequencies of favorable QTL alleles were 
evaluated also.  Results were based on 100 replicates. 
RESULTS  
Results for a heritability of 0.1 are shown in Tables 3 to Table 8.  The effects of 
selection strategy, size of marker intervals and significance threshold, and availability of 
marker and phenotypic data on CR and CDR with a 50/50 and 75/25 distribution of favorable 
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QTL alleles across parental lines are in Tables 3 and 4.  The impact of these factors on 
average QTL frequencies is in Tables 5 and 6 for the 50/50 case and in Tables 7 and 8 for the 
75/25 case.  Similar results for a heritability of 0.25 are in Tables 9 to 11.  These results are 
now described in further detail by level of heritability. 
Heritability = 0.1 
CR and CDR: 
 Tables 3 and 4 show the impact of alternate selection strategies, size of marker 
intervals, significance threshold, and availability of marker and phenotypic data on CR and 
CDR with 50/50 and 75/25 distributions of favorable QTL alleles in Line 1 versus 2.  Extra 
responses to MAS over selection on BLUP from phenotype were the greatest for the first 
round of selection (F3), giving up to 77% greater responses (Table 3), but extra responses 
decreased over generations.  Including polygenic effects in addition to marker effects in the 
model (BM) resulted in substantially greater responses than other models (MR and M) in all 
generations, regardless of having marker data either in all generations or only in the F2.   
 Considering the case with phenotypic and marker data available in all generations, 20 
cM marker intervals, and equal distribution of favorable QTL alleles across parental lines 
(Table 3), MR showed higher CR than M until F9 and higher CDR than M (p > 0.05), when 
the threshold was less stringent.  For the same scenario, but with a more stringent threshold, 
all models had significantly lower CR in all generations than with a less stringent threshold.  
The only exception is BM in F11.  Another difference, in contrast to a less stringent threshold, 
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is that M had slightly higher CR than MR from generations F4 onward, so that the CDR was 
slightly higher for M as well (p > 0.05) (Table 3). 
 Considering the scenario with marker data available for BM only in the F2 and 20 cM 
marker intervals, BM still considerably outperformed MR and M in all generations, 
regardless of the significance threshold (Table 3).  Interestingly, although the response for 
BM was higher in F3 with a less stringent threshold, responses for BM in all later generations 
as well as in CDR were higher with a more stringent threshold.  The same can be seen for a 
marker interval of 10 cM.  With phenotypic or marker data available for MR only in the F2 
and 20 cM marker intervals, MR had lower CR than M in F6-F11, leading to lower CDR (p > 
0.05) for both levels of significance thresholds.  
 The comparison of responses between 10 cM and 20 cM marker intervals for a less 
stringent threshold, and phenotypic and marker data available in all generations showed that 
BM had significantly lower CR and CDR in all generations with a 10 cM marker interval 
(Table 3).  This is not true for a more stringent threshold, where responses were slightly 
higher with a marker interval of 10 cM until F6 and slightly lower later on.  The CDR of BM 
with a threshold of 0.01, however, was higher for 20 cM.  As with BM, strategies MR and M 
also had lower CR for a less stringent threshold and 10 cM, but only until F8 and F3, 
respectively, leading to a comparable CDR for MR and higher CDR for M (p < 0.01).  For 
the same scenario but with phenotypic data available only in the F2, MR had lower CR and 
CDR than MR with 20 cM marker intervals.  The benefit of unequal distribution of favorable 
QTL alleles across parental lines on CR and CDR decreased for BM and increased for MR 
 94
and M with large marker intervals but increased with small marker intervals when compared 
to an equal distribution of favorable QTL alleles across parental lines (Table 4).   
QTL Frequencies:  
 The effects of selection strategies, sizes of marker intervals, availability of phenotypic 
and marker data on average frequencies of favorable QTL alleles in the F5 and F11, as a 
function of magnitude of QTL effects with equal distribution of favorable QTL alleles across 
parental lines are shown in Tables 5 and 6.  Similar results for a 75/25 distribution of 
favorable QTL alleles from Line 1 are shown in Tables 7 and 8.   
For all strategies, average frequencies (of favorable alleles) for detected QTL 
increased with increasing magnitude of the effect of the QTL (Tables 5 - 8).  The average 
frequencies for the QTL with zero effects represent average frequencies of alleles from Line 
1, rather than average frequencies of favorable alleles.  Average frequencies of detected QTL 
with zero effects ranged from 0.45 to 0.51 for all models for the 50/50 case (Tables 5-6) and 
from 0.54 to 0.71 for the 75/25 case (Tables 7-8).   
Use of a more stringent threshold resulted in a reduction of the proportion of detected 
QTL with no effect (false positives), an increase in the proportion of QTL with large effects 
that were detected, and in an increase in average frequencies of detected QTL for all case 
scenarios (Table 5).  The proportions of detected QTL with non-zero effects among total 
detected QTL and among total QTL were greater for larger size of marker intervals and for 
an unequal distribution of favorable QTL alleles across parental lines (Tables 5-6 and Tables 
7-8).  The average frequencies of QTL that were not found significant in the QTL detection 
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phase will be referred to as frequencies (of favorable) for undetected QTL.  These 
frequencies included QTL with zero effects.  The undetected QTL frequencies were also 
greater for larger size marker intervals and with unequal distribution of favorable QTL alleles 
across parental lines (Tables 5-6 and Tables 7-8).      
In the F11, detected QTL with very large effects (2-3.5) were nearly fixed (frequency 
> 0.96) for all strategies and all scenarios, except for BM and MR that used MAS only in the 
F2 (Tables 5-6 and Tables 7-8).  With phenotypes available in all generations, BM resulted in 
higher average frequencies in the F11 than M and MR for medium to large QTL (1.0-3.5), 
regardless of level of the significance threshold used for QTL detection.  Although the 
detected QTL were almost fixed for the favorable alleles for BM, MR, and M, average 
undetected QTL frequencies were higher for BM, leading to higher responses to selection for 
BM (Tables 3 and 4).  With marker data available only in the F2, BM resulted in smaller 
average QTL frequencies in the F5 and F11 than M and MR with phenotype available only in 
the F2 for all detected QTL classes, regardless of level of the significance threshold and size 
of marker intervals.  However, with partial marker data for BM and partial phenotype data 
for MR, frequencies for undetected QTL were higher for BM than for M and MR, bringing 
about higher genetic gains for BM with partial marker data available (Tables 3 and 4). 
Using a more stringent threshold increased the average detected QTL frequencies for 
all MAS models for all scenarios (Tables 5-6 and Tables 7-8).  The average detected QTL 
frequencies for BM with marker data available only in the F2 increased substantially in all 
scenarios when the significance threshold was more stringent.  The size of marker intervals 
had a substantial effect on detected QTL frequencies only for BM with marker data available 
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in the F2 only, i.e the larger the size of marker intervals, the higher the average detected QTL 
frequencies, whereas it only marginally affected other MAS models.  An unequal distribution 
of favorable QTL alleles across parental lines reduced average detected QTL frequencies for 
BM but increased frequencies for MR and M whereas increased average undetected QTL 
frequencies for BM, MR, and M .  
Effect of heritability 
Table 9 shows CR and CDR of the strategies BM, MR, and M for a heritability of 
0.25 in contrast to a heritability of 0.1 in Table 3.  The absolute CR and CDR with h2 = 0.25 
were higher than with h2 = 0.1, although the CR as a % over BLUP selection was lower with 
h2 = 0.25 than with h2 = 0.1 for all strategies in the F3, regardless of significance thresholds.  
With complete data in all generations, higher heritability resulted in higher CR for all 
strategies in later generations, leading to higher CDR as well.  This was also true when 
phenotypic data were available only in F2 for MR.  In contrast, BM had lower CR in all 
generations and lower CDR when h2 = 0.25 and marker data were available only in the F2. 
Tables 10 and 11 show the impact of heritability on average frequencies of favorable 
QTL alleles for BM, MR, and M.  The proportion of QTL with zero effects that were 
detected decreased with heritability, whereas the proportions of detected QTL with non-zero 
effects among total detected QTL and among total QTL with large effects (2-3.5) 
substantially increased with heritability of 0.25.  The average frequencies of QTL that were 
detected were lower with high (0.25) versus low (0.1) heritability, while frequencies for 
undetected QTL increased for all case scenarios.  
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DISCUSSION AND CONCLUSIONS 
 This study has investigated efficiency of MAS in a composite line created from a 
cross of inbred lines.  A genome scan approach with a low-density marker map was 
incorporated to detect QTL in the F2.  Only marker intervals that were significant in the QTL 
scan were included in the genetic evaluation process.  Owing to the limitations of the genome 
scan approach in terms of estimating the positions and effects of QTL, a genome scan is 
subject to false positives and negatives and tends to overestimate effects (Meuwissen & 
Goddard 1996; Spelman & van Arendonk 1997).  The distribution of QTL effects, the power 
of the mapping design, and the stringency of the significance threshold used affects the 
numbers of false positives and negatives (Hayes & Goddard 2003).  When testing multiple 
markers, the Type I error rate, i.e. significant QTL with zero effects, can be considerably 
larger than when testing a single marker-trait combination (Beckman & Soller 1988).  The 
false positive level can be controlled by choosing appropriate significance thresholds (van 
Ooijen 1999; Hayes & Goddard 2003).  An optimal threshold to use for QTL detection is 
needed to maximize genetic improvement.   
The results from this study showed a consistent advantage of MAS of multiple QTL 
that were significant in an initial QTL scan over BLUP (B).  When marker information is 
available, using only significant marker regions resulted in the highest responses over BLUP 
in the first round of selection for all MAS models (BM, MR, and M), but extra responses 
over BLUP declined over generations.  This is because using marker information increases 
accuracy of selection (Meuwissen & Goddard 1996) and leads to a rapid increase in 
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frequencies of detected QTL.  When QTL frequencies approach fixation, the QTL variance is 
reduced, bringing about the limited benefits of MAS (Goddard & Hayes 2002). 
Responses decreased with a decrease in the size of marker intervals, which is 
inconsistent with other studies (Meuwissen & van Arendonk 1992; Ruane & Colleau 1995; 
Meuwissen & Goddard 1996). These studies reported that the smaller the marker intervals, 
the higher the responses to selection.  This is because the marker would be, on average, 
closer to the QTL and it is easier to trace the QTL by markers.  The reason for gaining lower 
responses with smaller marker intervals in this study is because of the backward elimination 
strategy and treating marker effects as fixed.  When the total number of marker intervals 
increases in the full models for QTL detection, colinearity of marker intervals increases, 
which can result in elimination of intervals that contain QTL.  Responses also decreased 
when a more stringent threshold was used for QTL detection, which is consistent with Hayes 
& Goddard (2003).   
Adding a polygenic effect to the model with marker effects had a large impact on 
results observed for crosses between inbred lines.  With phenotype available in all 
generations, selection on the sum of estimated marker scores and estimated polygenic 
breeding values outperformed all others.  This is because estimated breeding values from 
undetected QTL were taken into account, in addition to detected QTL.  When the number of 
true QTL contributed in the genetic evaluation process in MAS increases, the responses in 
early generations increase and the advantage of MAS over BLUP remains over a longer 
period of time (Hayes & Goddard 2003).  Strategy BM with marker information available 
only in the F2 also resulted in higher CDR than MR and M with marker data in all 
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generations.  With phenotypic and marker data in all generations, M and MR performed 
comparably.   
Even though M gave negative responses compared to BLUP, this model can be 
beneficial and provide significant genetic gain per unit of time for some traits.  Those traits 
include traits that cannot be directly measured such as meat quality traits and disease 
resistance traits.  Measurement of most meat quality traits and disease resistance traits can 
only be obtained by either slaughtering animals or challenging them with diseases.  
Furthermore, with embryo technologies, model M can be used to select immature individuals 
or diploid cell lines (Visscher et al. 2000).  
The linkage disequilibrium (LD) that is created in line crosses between QTL and 
markers played an important role in QTL detection and MAS.  The LD is captured by a 
marker allele of breed origin, which we called the marker score.  However, the ability of the 
marker score to reflect the QTL alleles reduces when recombination occurs.  Based on 
genetic gains, BM was the best model for MAS in a synthetic line.  In this study, the model 
with random QTL was not considered according to the results from a previous study (Chapter 
3).  When considering outbred line crosses, however, random QTL effects can be added in 
the model to capture the QTL segregation variance within lines. 
The key factors limiting accuracy of selection from MAS are genetic variance 
explained by QTL and accuracy of estimating marker effects (Goddard & Hayes 2002).  The 
significance threshold used in the QTL detection phase affected the number of QTL included 
in the genetic evaluation process in order to estimate QTL effects and select individuals for 
 100
the next generations and genetic improvement.  The less stringent the threshold, the higher 
the power of QTL detection, the larger the number of detected QTL (including QTL with 
zero effects), and the higher the variance explained by the detected QTL.  Overly stringent 
thresholds should not be used, especially for the first scan for QTL (Dekkers et al. 2006).  
One of the strategies is to control the false positive rates (e.g. Fernando et al. 2004). 
Allowing marker score effects to be different across generations may have an impact on 
limiting the amount of data and accuracy of marker score estimates.  The effect of 
interactions of marker and generation will be investigated in Chapter 5.  
Heritability determined the magnitude of extra gain obtained from MAS over BLUP 
using only performance records.  High heritability increased genetic gains for all strategies 
due to an increase in the accuracy of selection, but benefits of MAS over BLUP were greater 
with lower heritability.  Using MAS is also advantageous when phenotypes are recorded in 
only one sex such as milk yield or only on culled animals such as meat quality traits, or after 
selection such as fertility or longevity (Visscher et al. 2000; Goddard & Hayes 2002).    
The unequal distribution of favorable QTL alleles increases the chance that in 
positive alleles at linked QTL that are in the coupling phase.  Benefits of MAS with an 
unequal distribution of favorable QTL alleles over BLUP selection were greater for models 
that did not include polygenic effects with large marker intervals, when compared with equal 
distribution of favorable QTL alleles.  With an unequal distribution of favorable QTL alleles, 
all MAS models, including BLUP, gained higher absolute responses.  However, the model 
including polygenes in addition to marker effects (BM) did not gain at the same rate as other 
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MAS models.  As a result, BM had lower CDR (% over BLUP) with an unequal distribution 
of favorable QTL alleles.  
 The efficiency of MAS was identified by using the percentage of cumulative response 
(CR) and the cumulative discounted response (CDR) compared to BLUP (% B).  The CDR is 
the CR over time weighted by an interest rate.  The idea of CDR is to put more emphasis on 
the genetic improvement made in early generations, rather than in later generations.  In this 
study, a 10% interest rate was applied to a simulated pig population, which is suitable for 
species with short generation intervals such as poultry or pigs (Dekkers & Chakraborty 
2001).  A higher interest rate can be used for a species with a longer generation interval such 
as cattle (Dekkers & Chakraborty 2001).  
In this study, markers were fully informative.  When these assumptions are not valid, 
genetic improvement would be expected to be lower than the results that were shown in this 
study.  A multiple regression method for QTL detection that treats marker scores as fixed 
effects was used.  A ridge regression approach that treats marker scores as random effects 
can be a method of choice for QTL detection.  The method of ridge regression can be further 
improved by Bayesian methods similar to Meuwissen et al. (2001), which estimate the 
variance associated with each interval.  To simplify setting the values of significance 
thresholds for QTL detection, they were chosen arbitrarily.  The main purpose of these 
thresholds was not for controlling false positives, but for an economic purpose, i.e. cost of 
genotyping.  For future research, it will be interesting to investigate the efficiency of MAS of 
multiple QTL for the whole genome without the QTL detection following the method of 
(Meuwissen et al. 2001).  
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Table 1. Parameters used in the simulations 
 
Parameters Values 
Trait heritability in F2 0.1, 0.25 
Total genetic variance in F2  20, 60 
Number of chromosomes 18 
Length of each chromosome (cM) 100 
Proportion of non-zero QTL effects (%) 50 
Position of QTL in the marker intervals ~ U(0, 1) random 
Number of marker intervals per chromosome 10, 5 
Length of marker intervals (cM) 20, 10 
Probability of obtaining favorable alleles from Line 1 (%) 75, 50 
Availability of marker data (generations) All, F2 only 
Availability of phenotypes (generations) All, F2 only 
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Table 2. Genetic evaluation models used for the MA-BLUP analysis and the criterion (sum 
of BLUE and BLUP estimates corresponding to the model) used for selection.  
 
Model Model for genetic evaluation1) Criterion for selection (I) 
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y1) ik is the observable trait phenotype for individual k of generation i; ijβ  is the marker score 
effect for QTL j of generation i; MSijk is the marker score for QTL j for individual k in 
generation i; uik is the polygenic effect of individual k in generation i; n is the number of 
2) cenarios of availability of marker genotypes were used: all generations and only in 
3)  of phenotypes were used to obtain marker effects only: all 
generations and only in the F2
 
significant QTL.   
Two s
the F2
Two scenarios of availability 
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Table 3.  Cumulative and cumulative discounted (10% interest) responses (CDR) from MAS 
for alternative selection strategies, size of marker intervals, availability of phenotypic and 
marker data, and significance threshold used for QTL detection, for a trait with heritability 
0.1 and equal distributions of favorable QTL alleles across Lines 1 and 2.  
Marker 
interval  Threshold Model1)
Availability  of  
Cumulative 
responses  
(% over BLUP) 
CDR 
(% over 
BLUP) 
(cM)   Phenotypes Marker F3 F5 F8 F11  
20 0.05 BM  All All 77 19 4 -2 8.9 
   All F2 77 0 -7 -9 -2.4 ns
  MR  All All 67 -9 -34 -46 -26.3 
   F2 All 67 -13 -41 -55 -32.7 
  M - All 64 -16 -36 -44 -28.8 
 0.01 BM All All 53 11 3 0 6.2 
   All F2 53 6 2 0 4.7 
  MR All All 36 -43 -66 -73 -57.4 
   F2 All 36 -42 -68 -76 -58.9 
  M - All 35 -42 -63 -70 -55.2 
10 0.05 BM All All 62 14 -3 -4 4.1 
   All F2 62 -12 -19 -16 -12.9 
  MR All All 58 -11 -32 -40 -24.6 
   F2 All 58 -21 -45 -56 -37.0 
  M - All 58 -14 -32 -36 -24.6 
 0.01 BM All All 56 12 -2 -1 4.6 
   All F2 56 0 -5 -3 -0.3 ns
  MR All All 44 -30 -53 -62 -45.5 
   F2 All 44 -33 -61 -70 -51.5 
  M - All 41 -33 -54 -58 -45.5 
 
ns = not significantly different from BLUP (p > 0.05).  
1) See Table 2 for explanation of models used for genetic evaluations.   
 
 
 
 
 108
Table 4. Cumulative and cumulative discounted (10% interest) responses (CDR) from MAS 
for alternative selection strategies, size of marker intervals, availability of phenotypic and 
marker data and significance threshold used for QTL detection for a trait with heritability 0.1 
and unequal (75/25) distributions of favorable QTL effects across parental lines. 
Marker 
interval  
Threshold Model1)
Availability  of  
Cumulative 
responses  
(% over BLUP) 
CDR 
(% over 
BLUP) 
(cM)   Phenotypes Marker F3 F5 F8 F11  
20 0.05 BM  All All 74 12 -2 -5 4.9 
   All F2 74 -8 -12 -11 -6.4 
  MR  All All 70 -12 -34 -43 -25.5 
   F2 All 70 -15 -40 -53 -31.1 
  M - All 60 -16 -32 -37 -24.8 
 0.01 BM All All 56 7 -1 -2 4.1 ns
   All F2 56 1 -3 -4 0.6ns
  MR All All 43 -38 -61 -69 -51.7 
   F2 All 43 -38 -64 -72 -53.8 
  M - All 42 -37 -61 -68 -51.4 
10 0.05 BM All All 61 12 2 -3 4.9 
   All F2 61 -15 -18 -18 -14.0 
  MR All All 58 -7 -25 -34 -18.5 
   F2 All 58 -17 -39 -50 -30.8 
  M - All 51 -17 -29 -34 -23.0 
 0.01 BM All All 55 7 0 -2 3.9 ns
   All F2 55 -2 -7 -6 -3.1ns
  MR All All 44 -31 -51 -60 -43.1 
   F2 All 44 -33 -57 -66 -48.0 
  M - All 45 -31 -53 -62 -42.4 
 
ns = not significantly different from BLUP (p > 0.05).  
1) See Table 2 for explanation of models used for genetic evaluations.   
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Table 5. Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.1 and size of marker intervals was 20 cM.  
These case-scenarios were simulated based on equal distributions of favorable QTL alleles 
across Lines 1 and 2. 
BLUP  M BM MR  
All3) - All All All F2 only Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only All All 
    Average frequency of favorable5) QTL alleles in F5
0.05 0 41.0 9.4 0.50 5) 0.47 0.49 0.51 0.48 0.49 
 >0-0.5 15.9 9.5 0.52 0.55 0.56 0.55 0.57 0.57 
 0.5-1.0 17.8 12.5 0.57 0.68 0.70 0.62 0.72 0.74 
 1.0-1.5 12.8 17.4 0.63 0.79 0.80 0.67 0.79 0.81 
 1.5-2.0 8.5 23.6 0.67 0.81 0.83 0.72 0.86 0.85 
 2.0-3.5 3.9 28.9 0.74 0.81 0.92 0.75 0.90 0.88 
    Average frequency of favorable5) QTL alleles in F11
0.05 0 41.0 9.4 0.49 5) 0.47 0.49 0.51 0.46 0.47 
 >0-0.5 15.9 9.5 0.57 0.54 0.60 0.54 0.58 0.62 
 0.5-1.0 17.8 12.5 0.69 0.78 0.81 0.69 0.82 0.82 
 1.0-1.5 12.8 17.4 0.82 0.88 0.95 0.74 0.89 0.91 
 1.5-2.0 8.5 23.6 0.89 0.91 0.96 0.88 0.94 0.92 
 2.0-3.5 3.9 28.9 0.96 0.96 0.99 0.88 0.98 0.93 
Undetected QTL frequency 6) in F11 - 0.53 0.58 0.58 0.53 0.53 
    Average frequency of favorable5) QTL alleles in F5
0.01 0 34.4 2.6 0.50 5) 0.47 0.51 0.49 0.50 0.52 
 >0-0.5 14.2 2.8 0.52 0.58 0.60 0.58 0.62 0.67 
 0.5-1.0 18.1 4.2 0.57 0.83 0.83 0.72 0.86 0.91 
 1.0-1.5 15.7 6.9 0.63 0.89 0.88 0.77 0.89 0.95 
 1.5-2.0 12.2 11.0 0.67 0.90 0.88 0.75 0.94 0.95 
 2.0-3.5 5.3 12.4 0.74 0.87 0.91 0.82 0.94 0.96 
    Average frequency of favorable5) QTL alleles in F11
0.01 0 34.4 2.6 0.49 5) 0.49 0.50 0.46 0.49 0.51 
 >0-0.5 14.2 2.8 0.57 0.58 0.71 0.59 0.63 0.67 
 0.5-1.0 18.1 4.2 0.69 0.84 0.88 0.75 0.90 0.93 
 1.0-1.5 15.7 6.9 0.82 0.91 0.97 0.84 0.95 0.98 
 1.5-2.0 12.2 11.0 0.89 0.96 0.97 0.88 0.96 0.96 
 2.0-3.5 5.3 12.4 0.96 0.96 0.99 0.92 0.98 0.99 
Undetected QTL frequency 6) in F11 - 0.52 0.59 0.59 0.52 0.52 
1) Distribution of detected QTL across size classes for models BM, MR, and M 
2) % of QTL in a given size class that were detected 
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6) Average frequency of favorable undetected QTL, including QTL with zero effects. 
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Table 6. Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.1 and size of marker intervals was 10 cM.  
These case-scenarios were simulated based on equal distributions of favorable QTL alleles 
across Lines 1 and 2. 
BLUP  M BM MR  
All 3) - All All All F2 only Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only All All 
    Average frequency of favorable5) QTL alleles in F5
0.05 0 70.7 10.0 0.50 5) 0.51 0.48 0.48 0.50 0.49 
 >0-0.5 9.2 9.7 0.53 0.56 0.55 0.54 0.57 0.57 
 0.5-1.0 8.3 11.5 0.58 0.63 0.66 0.58 0.66 0.66 
 1.0-1.5 6.3 15.7 0.63 0.73 0.74 0.63 0.75 0.74 
 1.5-2.0 3.1 17.5 0.67 0.75 0.82 0.66 0.80 0.76 
 2.0-3.5 2.3 26.3 0.75 0.83 0.90 0.69 0.84 0.83 
    Average frequency of favorable5) QTL alleles in F11
0.05 0 70.7 10.0 0.50 5) 0.51 0.48 0.47 0.51 0.50 
 >0-0.5 9.2 9.7 0.57 0.61 0.58 0.54 0.62 0.60 
 0.5-1.0 8.3 11.5 0.71 0.70 0.81 0.62 0.75 0.74 
 1.0-1.5 6.3 15.7 0.82 0.83 0.93 0.70 0.87 0.85 
 1.5-2.0 3.1 17.5 0.89 0.88 0.97 0.74 0.92 0.88 
 2.0-3.5 2.3 26.3 0.97 0.95 0.99 0.81 0.97 0.95 
Undetected QTL frequency 6) in F11 - 0.52 0.54 0.54 0.52 0.52 
    Average frequency of favorable5) QTL alleles in F5
0.01 0 64.8 2.8 0.50 5) 0.45 0.47 0.49 0.48 0.48 
 >0-0.5 8.5 2.7 0.53 0.60 0.56 0.58 0.66 0.67 
 0.5-1.0 9.1 3.8 0.58 0.74 0.75 0.66 0.81 0.85 
 1.0-1.5 8.7 6.5 0.63 0.82 0.84 0.69 0.88 0.89 
 1.5-2.0 5.2 8.7 0.67 0.84 0.89 0.73 0.91 0.90 
 2.0-3.5 3.7 12.6 0.75 0.92 0.95 0.78 0.98 0.98 
    Average frequency of favorable5) QTL alleles in F11
0.01 0 64.8 2.8 0.50 5) 0.46 0.44 0.48 0.48 0.47 
 >0-0.5 8.5 2.7 0.57 0.71 0.60 0.59 0.73 0.65 
 0.5-1.0 9.1 3.8 0.71 0.82 0.89 0.71 0.88 0.91 
 1.0-1.5 8.7 6.5 0.82 0.92 0.92 0.77 0.95 0.93 
 1.5-2.0 5.2 8.7 0.89 0.95 0.99 0.79 0.98 0.96 
 2.0-3.5 3.7 12.6 0.97 1.00 1.00 0.92 1.00 1.00 
Undetected QTL frequency 6) in F11 - 0.52 0.54 0.54 0.51 0.51 
1) Detected QTL for models BM, MR, and M 
2) % of QTL in a given size class that were detected  
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6) Average frequency of favorable undetected QTL, including QTL with zero effects. 
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Table 7. Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.1 and size of marker intervals was 20 cM.  
These case-scenarios were simulated based on unequal distributions (75/25) of favorable 
QTL alleles across Lines 1 and 2. 
BLUP  M BM MR  
All3) - All All All F2 only Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only All All 
    Average frequency of favorable5) QTL alleles in F5
0.05 0 41.2 10.2 0.53 5) 0.58 0.60 0.56 0.60 0.58 
 >0-0.5 16.7 10.9 0.54 0.62 0.63 0.57 0.62 0.63 
 0.5-1.0 17.3 13.3 0.59 0.70 0.72 0.63 0.72 0.75 
 1.0-1.5 13.0 19.1 0.64 0.74 0.76 0.66 0.79 0.78 
 1.5-2.0 7.2 21.7 0.70 0.79 0.82 0.67 0.80 0.81 
 2.0-3.5 4.6 35.9 0.74 0.84 0.86 0.71 0.86 0.85 
    Average frequency of favorable5) QTL alleles in F11
0.05 0 41.2 10.2 0.56 5) 0.59 0.61 0.56 0.61 0.58 
 >0-0.5 16.7 10.9 0.59 0.67 0.68 0.61 0.66 0.63 
 0.5-1.0 17.3 13.3 0.73 0.81 0.83 0.70 0.82 0.83 
 1.0-1.5 13.0 19.1 0.83 0.87 0.91 0.78 0.85 0.82 
 1.5-2.0 7.2 21.7 0.91 0.94 0.97 0.79 0.92 0.91 
 2.0-3.5 4.6 35.9 0.96 0.97 0.97 0.83 0.97 0.94 
Undetected QTL frequency 6) in F11 - 0.57 0.62 0.62 0.56 0.55 
    Average frequency of favorable5) QTL alleles in F5
0.01 0 37.1 3.2 0.53 5) 0.70 0.68 0.63 0.68 0.70 
 >0-0.5 14.7 3.4 0.54 0.75 0.71 0.63 0.72 0.73 
 0.5-1.0 16.2 4.4 0.59 0.91 0.81 0.74 0.90 0.92 
 1.0-1.5 14.5 7.5 0.64 0.83 0.86 0.73 0.88 0.89 
 1.5-2.0 10.2 10.7 0.70 0.93 0.88 0.74 0.93 0.96 
 2.0-3.5 7.4 20.0 0.74 0.96 0.95 0.82 0.95 0.97 
    Average frequency of favorable5) QTL alleles in F11
0.01 0 37.1 3.2 0.56 5) 0.71 0.68 0.64 0.66 0.70 
 >0-0.5 14.7 3.4 0.59 0.78 0.76 0.62 0.70 0.71 
 0.5-1.0 16.2 4.4 0.73 0.95 0.90 0.79 0.94 0.94 
 1.0-1.5 14.5 7.5 0.83 0.89 0.95 0.80 0.94 0.91 
 1.5-2.0 10.2 10.7 0.91 0.97 1.00 0.83 0.98 0.97 
 2.0-3.5 7.4 20.0 0.96 0.97 1.00 0.93 0.98 0.97 
Undetected QTL frequency 6) in F11 - 0.53 0.63 0.63 0.53 0.53 
1) Detected QTL for models BM, MR, and M 
2) % of QTL in a given size class that were detected  
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6) Average frequency of favorable undetected QTL, including QTL with zero effects. 
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Table 8. Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.1 and size of marker intervals was 10 cM.  
These case-scenarios were simulated based on unequal distributions (75/25) of favorable 
QTL alleles across Lines 1 and 2. 
 
BLUP  M BM MR  
All3) - All All All F2 only Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only F2 only All 
    Average frequency of favorable5) QTL alleles in F5
0.05 0 68.7 10.2 0.54 5) 0.57 0.58 0.54 0.57 0.56 
 >0-0.5 9.1 10.1 0.54 0.58 0.58 0.54 0.59 0.58 
 0.5-1.0 8.9 12.9 0.59 0.67 0.68 0.59 0.69 0.67 
 1.0-1.5 7.5 19.6 0.64 0.72 0.76 0.61 0.78 0.75 
 1.5-2.0 3.5 20.7 0.70 0.73 0.81 0.62 0.78 0.77 
 2.0-3.5 2.3 27.5 0.74 0.82 0.91 0.72 0.88 0.84 
    Average frequency of favorable5) QTL alleles in F11
0.05 0 68.7 10.2 0.56 5) 0.61 0.61 0.53 0.58 0.56 
 >0-0.5 9.1 10.1 0.58 0.60 0.67 0.58 0.61 0.60 
 0.5-1.0 8.9 12.9 0.73 0.78 0.82 0.65 0.78 0.75 
 1.0-1.5 7.5 19.6 0.83 0.87 0.94 0.71 0.92 0.86 
 1.5-2.0 3.5 20.7 0.91 0.89 0.97 0.73 0.95 0.93 
 2.0-3.5 2.3 27.5 0.95 0.98 1.00 0.81 0.97 0.95 
Undetected QTL frequency 6) in F11 - 0.56 0.60 0.58 0.56 0.54 
    Average frequency of favorable5) QTL alleles in F5
0.01 0 62.1 2.7 0.54 5) 0.63 0.63 0.60 0.62 0.64 
 >0-0.5 7.7 2.5 0.54 0.65 0.71 0.63 0.64 0.69 
 0.5-1.0 9.1 3.9 0.59 0.80 0.77 0.66 0.82 0.84 
 1.0-1.5 10.3 7.9 0.64 0.90 0.86 0.73 0.90 0.89 
 1.5-2.0 5.7 9.9 0.70 0.91 0.88 0.71 0.94 0.91 
 2.0-3.5 5.1 18.0 0.74 0.95 0.96 0.79 0.95 0.95 
    Average frequency of favorable5) QTL alleles in F11
0.01 0 62.1 2.7 0.56 5) 0.62 0.66 0.60 0.63 0.64 
 >0-0.5 7.7 2.5 0.58 0.65 0.74 0.68 0.62 0.69 
 0.5-1.0 9.1 3.9 0.73 0.91 0.91 0.68 0.93 0.90 
 1.0-1.5 10.3 7.9 0.83 0.93 0.98 0.79 0.94 0.93 
 1.5-2.0 5.7 9.9 0.91 1.00 1.00 0.81 1.00 0.94 
 2.0-3.5 5.1 18.0 0.95 0.99 1.00 0.91 1.00 0.97 
Undetected QTL frequency 6) in F11 - 0.53 0.59 0.59 0.54 0.53 
1) Detected QTL for models BM, MR, and M 
2) % of QTL in a given size class that were detected  
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6) Average frequency of favorable undetected QTL, including QTL with zero effects. 
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Table 9. Cumulative and cumulative discounted (10% interest) responses (CDR) from MAS 
for alternative selection strategy, size of marker intervals, availability of phenotypic and 
marker data, and significance threshold used for QTL detection, for a trait with heritability 
0.25 and equal distributions of favorable QTL alleles across Lines 1 and 2.  
Marker 
interval  Threshold Model1)
Availability  of  
Cumulative 
responses  
(% over BLUP) 
CDR 
(% over 
BLUP) 
(cM)   Phenotypes Marker F3 F5 F8 F11  
20 0.05 BM  All All 44 15 4 1 8.4 
   All F2 44 -11 -14 -13 -10.6 
  MR  All All 39 -5 -24 -33 -17.1 
   F2 All 39 -9 -30 -43 -23.6 
  M - All 30 -11 -23 -29 -18.2 
 0.01 BM All All 36 9 2 0 5.3 
   All F2 36 -8 -7 -5 -4.5 
  MR All All 26 -19 -43 -52 -34.7 
   F2 All 26 -22 -50 -60 -39.9 
  M - All 23 -22 -41 -49 -34.6 
10 0.05 BM All All 40 12 2 -1 6.2 
   All All 40 -23 -24 -21 -19.7 
  MR All F2 37 -4 -20 -29 -14.7 
   F2 All 37 -9 -30 -42 -28.0 
  M - All 28 -11 -22 -26 -17.3 
 0.01 BM All All 38 9 3 0 5.6 
   All F2 38 -10 -12 -11 -9.1 
  MR All All 30 -15 -38 -47 -30.6 
   F2 All 30 -20 -44 -56 -39.8 
  M - All 27 -22 -37 -45 -71.7 
1) See Table 2 for explanation of models used for genetic evaluations.   
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Table 10. Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.25 and size of marker intervals was 20 cM.  
These case-scenarios were simulated based on equal distributions of favorable QTL alleles 
across Lines 1 and 2. 
BLUP  M BM MR  
All3) - All All All F2 only Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only All All 
    Average frequency of favorable5) QTL alleles in F5
0.05 0 38.8 12.7 0.50 5) 0.49 0.49 0.50 0.50 0.51 
 >0-0.5 8.4 12.1 0.52 0.53 0.55 0.53 0.55 0.55 
 0.5-1.0 8.2 13.0 0.55 0.62 0.63 0.57 0.65 0.63 
 1.0-1.5 10.3 17.6 0.60 0.70 0.70 0.60 0.72 0.73 
 1.5-2.0 10.6 23.6 0.64 0.73 0.75 0.66 0.77 0.77 
 2.0-3.5 23.8 36.7 0.72 0.80 0.84 0.70 0.83 0.82 
    Average frequency of favorable5) QTL alleles in F11
0.05 0 38.8 12.7 0.50 5) 0.47 0.49 0.49 0.51 0.50 
 >0-0.5 8.4 
17.6 0.83 0.85 0.82 
 10.6 0.85 0.87 0.76 0.88 0.89 
 2.0-3.5 23.8 36.7 0.94 0.94 0.98 0.85 0.94 0.92 
Undetected QTL frequency 6)  in F11 0.55 
   Average frequency of favorable5) QTL alleles in F5
12.1 0.56 0.58 0.57 0.56 0.57 0.58 
 0.5-1.0 8.2 13.0 0.65 0.67 0.74 0.61 0.70 0.72 
 1.0-1.5 10.3 0.76 0.68 0.84 
1.5-2.0 23.6 0.93 
- 0.55 0.60 0.60 0.54 
 
0.01 0 30.9 4.9 0.50 5) 0.49 0.49 0.50 0.48 0.48 
 >0-0.5 6.0 4.2 0.52 0.52 0.58 0.55 0.54 0.54 
 0.5-1.0 7.0 5.3 0.55 0.61 
9.4 7.7 
0.72 
 Average frequency of favorable5) QTL alleles in F11
0.70 0.66 0.73 0.73 
 1.0-1.5 0.60 0.80 0.77 0.66 0.82 0.85 
 1.5-2.0 11.8 12.6 0.64 0.85 0.83 0.70 0.89 0.91 
 2.0-3.5 34.9 25.8 0.88 0.87 0.73 0.90 0.91 
   
0.01 0 30.9 4.9 0.50 5) 0.50 0.52 0.50 0.48 0.49 
 >0-0.5 6.0 4.2 0.56 0.52 0.63 0.57 0.52 0.55 
 0.5-1.0 7.0 5.3 0.65 0.78 0.82 0.73 0.76 0.77 
 1.0-1.5 9.4 7.7 0.76 0.86 0.93 0.81 0.88 0.92 
 1.5-2.0 11.8 12.6 0.85 0.94 0.96 0.80 0.95 0.95 
 2.0-3.5 34.9 25.8 0.94 0.95 0.96 0.88 0.97 0.97 
Undetected QTL frequency 6) in F11 - 0.54 0.59 0.61 0.53 0.52 
1) Detected QTL for models BM, MR, and M 
2) % of QTL in a given size class that were detected  
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6) Average frequency of favorable undetected QTL, including QTL with zero effects. 
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Table 11.  Average frequencies of favorable QTL in the F5 and F11 from MAS depending on 
selection strategy, availability of phenotypic and marker data and significance threshold used 
for QTL detection for a trait heritability was 0.25 and size of marker intervals was 10 cM.  
These case-scenarios were simulated based on equal distributions of favorable QTL alleles 
across Lines 1 and 2. 
BLUP  M BM MR  
All3) All All F2 only - All Threshold 
QTL 
effect 
range 
%  of 
QTL1)
% of 
total 
QTL2) - 4) All All F2 only F2 only All 
  Average frequency of favorable5) QTL alleles in F5  
0.05 0 67.0 11.8 0.50 5) 0.49 0.49 0.48 0.49 0.49 
 >0-0.5 4.9 10.6 0.53 0.53 0.53 0.52 0.53 0.53 
 0.5-1.0 5.2 12.8 0.58 0.61 0.62 0.57 
0.64 
0.79 0.83 
 Average frequency of favorable5)  QTL alleles in F11
0.63 0.63 
 1.0-1.5 4.9 14.1 0.63 0.66 0.55 0.65 0.66 
 1.5-2.0 5.2 19.8 0.67 0.71 0.71 0.59 0.72 0.72 
 2.0-3.5 12.8 31.0 0.75 0.65 0.82 0.81 
   
0.05 0 67.0 11.8 0.50 5) 0.49 0.49 0.49 0.50 0.50 
 
Undetected QTL frequency 6) in F11
 Average frequency of favorable5) QTL alleles in F5
>0-0.5 4.9 10.6 0.57 0.54 0.57 0.52 0.55 0.55 
 0.5-1.0 5.2 12.8 0.71 0.71 0.75 0.58 0.74 0.70 
 1.0-1.5 4.9 14.1 0.82 0.75 0.86 0.61 0.79 0.75 
 1.5-2.0 5.2 19.8 0.89 0.85 0.90 0.65 0.86 0.84 
 2.0-3.5 12.8 31.0 0.97 0.95 0.99 0.77 0.95 0.93 
- 0.53 0.55 0.55 0.52 0.51 
   
0.01 0 58.0 4.0 0.50 5) 0.49 0.50 0.50 0.50 0.49 
 >0-0.5 3.3 2.7 0.53 0.57 0.61 
0.58 
0.79 0.67 0.86 
 Average frequency of favorable5)  QTL alleles in F11
0.57 0.65 0.64 
 0.5-1.0 5.0 4.8 0.57 0.72 0.66 0.71 0.73 
 1.0-1.5 7.0 5.7 0.61 0.71 0.71 0.61 0.73 0.77 
 1.5-2.0 7.0 10.4 0.64 0.79 0.87 
 2.0-3.5 21.7 20.4 0.72 0.89 0.88 0.71 0.91 0.89 
   
0.01 0 58.0 4.0 0.49 5) 0.48 0.51 0.52 0.50 0.49 
 >0-0.5 3.3 2.7 0.58 0.62 0.70 0.63 0.66 0.73 
 0.5-1.0 5.0 4.8 0.68 0.78 0.80 0.63 0.78 0.81 
 1.0-1.5 7.0 5.7 0.78 0.74 0.89 0.68 0.86 0.86 
 1.5-2.0 7.0 10.4 0.84 0.92 0.95 0.74 0.95 0.93 
 2.0-3.5 21.7 20.4 0.94 0.99 1.00 0.80 0.98 0.97 
Undetected QTL frequency 6) in F11 - 0.52 0.55 0.55 0.52 0.51 
1) Detected QTL for models BM, MR, and M 
2) % of QTL in a given size class that were detected  
3) Generations with phenotypic data 
4) Generations with marker data 
5) For QTL with zero effects, Line 1 alleles were considered favorable 
6)
 Average frequency of favorable undetected QTL, including QTL with zero effects. 
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SUMMARY 
Efficiency of genomic selection with low-cost genotyping in a composite line from a 
cross between inbred lines was evaluated for a trait with heritability 0.10 or 0.25 using a low-
density marker map.  With genomic selection, selection was on the sum of estimates of 
effects of all marker intervals across the genome, fitted either as fixed (fixed GS) or random 
(random GS) effects. Reponses to selection over 10 generations, starting from the F2, were 
compared with standard BLUP selection. Estimates of variance for each interval were 
assumed independent and equal.  Both GS strategies outperformed BLUP selection, 
especially in initial generations.  Random GS outperformed fixed GS in early generations and 
performed slightly better than fixed GS in later generations.  Random GS gave higher genetic 
gain when the number of marker intervals was greater (180 or 10 cM intervals), whereas 
fixed GS gave higher genetic gain when the number of marker intervals was low (90 or 20 
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cM).  Including interactions between generation and marker scores in the model resulted in 
lower genetic gains than models without interactions.  When phenotypes were available only 
in the F2 for GS, treating marker scores as fixed effects led to considerably lower genetic 
gain than random GS.  Benefits of GS over standard BLUP were lower with high heritability.  
Genomic selection resulted in greater response than MAS based on only significant marker 
intervals (standard MAS) by increasing the frequency of QTL with both large and small 
effects.  The efficiency of genomic selection over standard MAS depends on stringency of 
the threshold used for QTL detection.  In conclusion, genomic selection can be effective in 
composite lines using a sparse marker map.  
INTRODUCTION 
Selection on BLUP-EBV has resulted in significant genetic improvement in many 
economically important traits in crops and livestock.  However, genetic improvement can be 
faster when selecting directly on genes or marked  QTL controlling these traits than by 
selecting on phenotypes alone through an increase in selection accuracy, a reduction of 
generation intervals, or an increase in the selection intensity (Soller & Beckmann 1983).   
The standard strategy of using genetic markers in a breeding program through 
marker-assisted selection (MAS) involves a two-stage approach: 1) conduct a genome scan to 
identify the most significant QTL and their estimates, and 2) include those QTL in genetic 
evaluation and MAS (Meuwissen & van Arendonk 1992).  A genome scan is, however, 
subject to false positives and negatives, depending on the distribution of QTL effects, the 
power of the mapping design, and the stringency of the significance threshold used (Hayes & 
Goddard 2003).  The impact of using three alternate significance thresholds in the QTL 
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detection phase, i.e. genome-wide, chromosome-wide and point-wise thresholds, on 
responses to selection were studied in half-sib pig populations by Hayes & Goddard (2003).  
The results showed that using chromosome-wide and point-wise thresholds gave the largest 
responses to selection compared to selection on phenotype through EBV derived using 
BLUP.  Use of a genome-wide threshold, however, gave the highest economic profit because 
it required the fewest markers to be genotyped.  
Markers from sparse marker maps are expected to be in linkage equilibrium with 
QTL in outbred populations.  This limits extra responses from MAS because the linkage 
phase between markers and QTL can differ between families and, therefore, has to be 
established for each family.  The use of dense marker maps in outbred populations, however, 
allows linkage disequilibrium (LD) between some markers and QTL to be captured and used 
for MAS across families.  Chromosomal segments that carry the same marker alleles are 
likely to carry the same QTL alleles because they are identical by descent (IBD) (Meuwissen 
et al. 2001).  Fitting all markers, however, results in insufficient phenotypic data points to 
estimate fixed marker effects.  In order to solve the overparameterization issue, fitting marker 
haplotypes at 1 cM intervals as independent random effects was introduced by Meuwissen et 
al. (2001).  This method, called genomic selection, fitted all markers simultaneously, 
regardless of their significance.  Three different random models were used to estimate effects 
associated with each haplotype as follows: BLUP method with the assumption of an equal 
amount of variance explained by each 1 cM region, and two Bayesian methods that estimated 
the variance for each region with different priors.  The correlations between true (TBV) and 
estimated breeding values (EBV) obtained by BLUP and Bayesian methods from a single 
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generation of data were 0.73 and 0.85, respectively (Meuwissen et al. 2001).  One limitation 
of the Meuwissen et al. (2001) approach is that many markers are needed to capitalize on 
population-wide LD in outbred population.  In contrast to outbred populations, LD between 
markers and QTL is extensive in crosses that are divergent at loci accounting for different 
phenotypes (Andersson 2001) to identify QTL regions (Dekkers & Hospital 2002).  
Identified QTL regions are usually 15-50 cM in length (Dekkers 2004).  As a result, genomic 
selection within a cross does not require a large number of markers.  
Frequently, genetic improvement is carried out by crossing two or more breeds to 
establish synthetic breeds.  These synthetic breeds integrate superior QTL from each breed.  
The objective of this study was to evaluate the efficiency of genomic selection in a composite 
line developed from a cross between inbred lines.  Several alternative analysis models were 
evaluated, including fitted markers as fixed or random, polygenic effects, and interactions of 
marker effects and generation.  The impact of availability of phenotypic information in later 
generations and level of heritability was also considered.  
MATERIALS AND METHODS 
Genetic model and population structure simulated 
A cross between two inbred lines was simulated stochastically.  The genomes of the 
inbred lines consisted of 18 chromosomes of 100 cM, with markers at an interval of 20 cM 
that were informative for line origin.  A random 50% of the intervals was simulated to 
contain a QTL, with position within the interval assigned at random.  Effects of the biallelic 
additive QTLs were sampled from a standard normal distribution and rescaled, relative to a 
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random normally distributed environmental effect that was added, to result in an overall 
heritability of 0.1 and a phenotypic standard deviation of 14.14.  The presence of the 
favorable QTL allele in parental Line 1 or 2 was sampled with either equal (50/50) or 
unequal (75/25) probabilities.  An alternative scenario with marker intervals of 10 cM was 
also simulated by adding an informative marker to the center of each 20 cM interval.  The 
chance of having the QTL in the first or the second 10 cM interval was equal. 
Each generation, 5% of males and 25% of females were selected, mated at random, 
and produced 8 offspring per female, resulting in 400 progeny per generation.  Individuals 
were genotyped for all (92 or 182) markers, starting in the F2.  Phenotypes were observed in 
each generation or only in the F2. 
For each marker interval and each individual, a marker score (MS = 0 to 4) was 
computed as the number of alleles at the flanking markers that originated from Line 1.  Each 
generation, the data from that and all previous generations were included in the analysis.  The 
model assumed the effect associated with an interval was the same for each generation.  A 
model in which a separate effect was fitted for each generation was also fitted.  The model 
used for MA-genetic evaluation in each generation was:  
yjk = generationk + , 
where MSijk is the MS for interval i of individual j of generation k,  is the polygenic 
breeding value of individual j of generation k; N is the number of marker intervals (N=90 and 
Models for genetic evaluation 
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180 for 20 cM and 10 cM, respectively); ejk is a random environmental deviation which was 
assumed to be normally distributed with mean zero and variance , where h2 is the 
heritability (total genetic variance/phenotypic variance) in the F  is the phenotypic 
variance in the F2.  Polygenic variances used for MA-genetic evaluation were varied to 0%, 
10%, 25%, and 50%VG, where VG is the (assumed known) ge e F2.  A 
polygenic variance of zero, means that the model contained only m rker scores.  Selection on 
the sum of true QTL effects was included for comp  
marker interval (βi) were either treated as fixed or ally distributed 
random variables.  The latter assumed each marker interval contributed equal variance V, 
which was equal to (see Appendix for derivation) 
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where VG is the (assumed known) genetic variance in the F2; N ber of marker 
intervals (N=90 and 180 for 20 cM and 10 cM, respectively) and  is the probability that 
MSij2=i, ignoring double recom
 estimates of marker interval effects across the genome, 
plus the estimated polygenic effect: 
, 
where  are estimated as fixed or random effects; and  is EBV from polygenes.     
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Comparison of analysis models 
 Responses to GS were compared with selection on standard BLUP EBV derived from 
only phenotypic data.  For GS, phenotypes were either available each generation, in which 
case  were re-estimated each generation using data from all generations, or available in the 
F2 only.   
The efficiency of alternate models for genetic evaluation and methods of selection 
was evaluated based on cumulative response (CR) and cumulative discount response (CDR), 
with 10% discount rate per generation, over ten generations (F2-F11).  The CR and CDR were 
presented as a percentage of superiority
iβˆ
 over responses to standard BLUP.  Rates of increase 
in frequencies of favorable QTL alleles were evaluated also.  Results were based on 100 
replicates. 
CR and CDR: 
 Table 1 shows the impact of alternate selection strategies on CR and CDR with an 
equal distribution of favorable QTL alleles across parental lines and a marker interval of 20 
cM.  The model with known QTL effects served as the maximum reference.  Extra responses 
to GS over selection on BLUP from phenotype were greatest for the first round of selection 
(F3), giving up to 109% greater response, but extra responses decreased over generations 
(Table 1).  Treating marker effects as random instead of fixed resulted in substantially greater 
RESULTS  
Heritability = 0.1 
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responses in early generations.  Although there were no significant differences in cumulative 
responses in the F11 when treating marker effects as fixed versus random, treating them as 
random effects tended to give higher responses.  Without inclusion of interactions between 
marker scores and generation, random GS had considerably higher CDR in the F11 than fixed 
GS, but both fixed and random GS had significantly higher CDR than BLUP.  The same was 
true for GS with interactions, although GS with interactions gave markedly less magnitude of 
CDR.  Genomic selection with fixed marker effects and interactions had significantly higher 
CR in the F7 – F11 and higher CDR (p > 0.05) than MAS using only significant marker 
intervals, which was evaluated in a previous study (Piyasatian et al. 2006). 
 Responses to GS tended to be affected by the level of polygenic variance  used 
for genetic evaluation (Table 1).  When fitting markers as random, use of = 0 resulted in 
substantially greater CR and CDR than using > 0, except in the F11, for which = 
50% tended to have higher CR.  When fitting markers as fixed, use of = 25 or 50% 
resulted in the greatest responses for all generations and CDR.  From now on, results from 
genetic models for GS will be based on models without interaction and zero polygenic 
variance.  
With availability of phenotypes in the F2 only, GS had greater CR than BLUP (which 
had phenotypes for all generations) up to the F4 when treating marker effects as fixed, but up 
to the F6 when treating them as random (Table 1).  Fixed GS with phenotypic data only in the 
F2 resulted in substantially lower CDR than BLUP, but random GS was just as good as 
BLUP.   
)( 2polσ
 2polσ
2
polσ 2polσ
 2polσ
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 Table 2 shows the effects of size of marker intervals, distribution of favorable QTL 
effects across parental lines and availability of phenotypes on CR and CDR.  With 10 cM 
marker intervals, selection on true BV gave significantly higher absolute responses to 
selection than with 20 cM, whereas BLUP selection gave only marginally higher absolute 
responses to selection (p > 0.05) over generations (results not shown).  This was true for both 
equal and unequal distributions of favorable QTL effects across parental lines, although 
responses for selection on true BV and BLUP obtained from the 75/25 probability case were 
higher than those from the 50/50 probability case.  As a result, selection on true BV provided 
higher maximum CR and CDR with smaller size of marker intervals, but lower maximum 
CR and CDR (% over BLUP) with 75/25 than the 50/50 probability case.  
The size of marker intervals had a larger impact on CR and CDR for fixed GS than 
for random GS (Table 2), especially when phenotypes were available only in the F2.  Unlike 
random GS, fixed GS performed noticeably better for the larger marker intervals.  In 
contrast, random GS gave higher CR and CDR when the size of the marker intervals was 
smaller.  This was true when phenotypes were available in all generations and only in the F2.  
When phenotypes were available in all generations with 10 cM marker intervals, both 
fixed and random GS outperformed BLUP (Table 2).  This was true for both the 50/50 and 
75/25 probability cases.  Although with the 75/25 probability case with phenotypes in all 
generations, all strategies gave higher absolute responses to selection than the 50/50 
probability case, it tended to give lower CR and CDR (% over BLUP) than the 50/50 
probability case.  
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When phenotypes were available in only the F2 with 10 cM marker intervals, fixed 
and random GS for the 50/50 probability case outperformed BLUP until the F3 and F7, which 
were sooner (F4) and later (F6) than those with 20 cM (Tables 2).  Furthermore, with 10 cM 
marker intervals, fixed and random GS for the 75/25 probability case outperformed BLUP 
until F3 and F8, respectively.  
QTL frequency: 
Tables 3 and 4 show the effects of selection strategy, size of marker intervals, and the 
distribution of favorable QTL effects across parental lines on average frequencies of 
favorable QTL alleles in the F5 and F11, as a function of magnitude of QTL effects.  The 20 
and 10 cM marker intervals resulted in 50 and 75% of QTL having zero effects, as expected 
(Tables 3 and 4).  The average frequencies for the zero QTL effects represented average 
frequencies of alleles from Line 1, rather than favorable average frequencies.  The QTL with 
zero effects had no change in average frequency for the 50/50 probability case for all 
strategies (Table 3), but increased slightly over generations for the 75/25 probability case 
(Table 4).  In the F11, QTL with very large effects (2-3.5) were nearly fixed (frequency > 
0.95) for all strategies and all scenarios, except for GS strategies that used only F2 data with 
20 cM marker intervals.   
Average frequencies from selection on True BV were higher with 10 cM intervals 
than with 20 cM, while those from BLUP were similar for both sizes of marker intervals.  In 
addition, average frequencies for all strategies increased with increasing magnitude of the 
QTL effect.  Only fixed GS with phenotypes available in only the F2 had lower average QTL 
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frequencies when sizes of marker intervals decreased.  Other models had higher average QTL 
frequencies when sizes of marker intervals decreased.  The distribution of favorable QTL 
effects across parental lines had a limited impact on average QTL frequencies for all models 
(Tables 3 and 4). 
With phenotypes available for all generations and the 50/50 probability case, fixed 
and random GS for 20 cM marker intervals resulted in very similar average frequencies in 
the F11 for all QTL classes, whereas random GS for 10 cM marker intervals resulted in higher 
average frequencies in the F11 for QTL with medium effects (0.5-1.5) than for fixed GS 
(Table 3). These results are consistent with the similar responses of random and fixed GS in 
the F11 (Table 2).  For the 75/25 probability case, random GS resulted in slightly higher 
average frequencies than fixed GS in the F11 for small QTL (>0-0.5) with 20 cM marker 
intervals and for small to medium QTL (>0-1.5) with 10 cM marker intervals (Table 4). 
Random GS with phenotypes in only the F2 resulted in greater frequencies than 
BLUP for all QTL classes in the F5.  In contrast, with the 50/50 probability case, fixed GS 
with phenotypes in only the F2 had lower frequencies than BLUP in the F5 for larger QTL 
(effect >1) and similar frequencies in the F5 for smaller QTL (effect <1) for 20 cM marker 
intervals while smaller than BLUP for all QTL classes for 10 cM marker intervals.  In 
addition, with the 75/25 probability case, fixed GS with phenotype in only the F2 had lower 
frequencies than BLUP in the F5 for medium to large QTL (0.5-3.5) for 20 cM and for all 
QTL effect classes for 10 cM marker intervals. 
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Heritability =0.25 
CR and CDR: 
Table 5 shows the effects of the sizes of marker intervals, the distribution of favorable 
QTL effects across parental lines, and the availability of phenotypes for alternate selection 
strategies on CR and CDR for a trait with heritability 0.25, similar to results for heritability 
0.1 in Table 2.  The larger heritability led to the higher absolute responses to selection over 
generations, resulting in higher absolute CDR for all models including BLUP (results not 
shown).  Considering superiority of evaluation models to BLUP, CR in F3 were smaller with 
h2=0.25 than with h2=0.1 for all models, although the pattern of responses to selection was 
not affected by heritability.  A higher heritability decreased the benefit of random GS over 
fixed GS in the F11 when the size of marker intervals was small, but it increased the 
performance of fixed GS in the F11 over random GS.  However, random GS gave similar 
CDR to fixed GS (p > 0.05) with 20 cM marker intervals and h2=0.25 whereas higher CDR 
than fixed GS with 10 cM marker intervals (Table 5).  Higher heritability increased CDR for 
fixed GS with phenotypes available in only in the F2.  
Fixed GS with small number of marker intervals performed as well as random GS 
with high heritability due to two reasons.  First, accuracy of selection was already high with 
high heritability.  Second, random GS did not have much advantage over fixed GS when the 
number of marker intervals was not so high, i.e. 90 marker intervals for 20 cM in length.   
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QTL frequency: 
 Tables 6 and 7 show the effects of the size of marker intervals, the distribution of 
favorable QTL effects across parental lines on average frequencies of favorable QTL alleles 
in the F5 and F11 for the alternate selection strategies, as a function of QTL effects for a trait 
with heritability 0.25, similar to results presented in Tables 3 and 4 for heritability 0.1.  
Higher heritability resulted in higher average QTL effects (1-3.5) and in higher percentage of 
QTL from medium to large effects (1-3.5) but had no significant effect on the pattern of the 
average QTL frequencies, regardless of the distribution of favorable QTL effects across 
parental lines or size of marker intervals.  Higher heritability, however, resulted in slightly 
lower average QTL frequencies for all scenarios.  
DISCUSSION AND CONCLUSIONS 
 The efficiency of genomic selection in a composite line using low-density marker 
maps with alternative analysis models was presented.  Owing to the development of 
molecular technologies, the amount of genetic marker information that can be available for 
genetic evaluation has markedly increased, leading to insufficient phenotypic data to estimate 
parameters.  Lande & Thompson (1990) and Zhang & Smith (1992) used splitting a data set 
to select a subset of markers linked to QTL and to calculate marker scores using multiple 
regression.  However, there are a few problems with the regression approach.  First, splitting 
data may cause suboptimal use of information (Meuwissen et al. 2001).  Second, having too 
many parameters to be estimated using regression leads to colinearity and results in poor 
estimates and marker scores (Whittaker et al. 2000).  In addition, signs of the regression 
estimates of marker effects can be different, although the true effects have the same sign 
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(Gianola et al. 2003).  Finally, a certain extent of false positive and false negative errors has 
to be borne in mind.   
False negatives can occur when the QTL have marginally larger p-values than an 
assigned threshold.  As a result, they are not detected.  In addition, cancellation of adjacent 
QTL with opposite signs of effects may also result in not detecting the QTL.  False positives 
and negatives from a high power of QTL detection designs (i.e. less stringent threshold), 
result in high numbers of detected QTL with zero effects.  These QTL with zero effects bring 
about an overestimated variance explained by QTL and thus, overestimated genetic 
improvement.  Using genomic selection can be beneficial because it can avoid the problem of 
false positives and negatives.  Both large and small QTL effects are included in the selection 
criteria, as seen via increase in QTL frequencies across QTL effects.  
Similar to what was found by Meuwissen et al. (2001) for genomic selection in an 
outbred population with a high-density map, genomic selection was found to substantially 
outperform BLUP selection within a cross.  Accuracy of selection increased when marker 
density increased, and is dependent on the type of markers used (Solberg et al. 2006).  With a 
When marker information is available, selecting on all marker regions regardless of 
significance resulted in greater responses to what was observed in a previous study 
(Piyasatian et al. 2006), which considered only markers that were significant following a 
QTL scan within the same cross of inbred lines.  The magnitude of the difference between 
genomic selection and MAS following QTL detection depends on the stringency of the 
threshold used for QTL detection. 
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heritability of 0.5, the use of SNPs required a 4-5 times denser map than when using 
microsatellites for genomic selection in an outbred population (Solberg et al. 2006).  One 
limitation of the Meuwissen et al. (2001) method is that they could not fit all markers 
(haplotypes) as fixed effects because their number was greater than the number of 
observations.  This was not the case in this study.  In this study, only a sparse marker map 
(10 and 20 cM intervals) is required because of the extent of LD that exists within the cross. 
With a large number of confounded parameters to be estimated, regression leads to 
colinearity and to poor estimates.  Ridge regression has been used to improve the precision of 
estimates in a linear model by using an informative prior distribution of estimates.  With 
ridge regression, the usual estimates  are shrunk towards zero, to the degree of a specified 
scalar (Whittaker et al. 2000).  The use of genome-wide dense marker maps and ridge 
regression was exploited in an outbred population by Meuwissen et al. (2001).  In one 
approach, Meuwissen et al. (2001) suggested the use of equal variance for each interval, 
calculated as VG/N, where VG = total genetic variance and N = the number QTL loci.  A 
similar approach was used in the present study, but with the degree of shrinkage determined 
by the expected variance contributed by the region.  Instead of using VG/N directly, the 
variance accounted for recombination rates between markers and QTL.  Here, we also 
assumed each interval to be independent and to contribute equal variance, which does not 
represent the real situation.  Equal variance not only prevents zero QTL effects to have too 
extreme estimates, but also prevents large QTL effects to have near true estimates beyond the 
variance.  However, the advantage of having incorrect prior (equal variance) outweighs the 
disadvantage of not having prior at all due to smaller number of large QTL effects relative to 
βˆ
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the number of QTL with small or zero effects.  Methods can be further improved by 
Bayesian methods similar to Meuwissen et al. (2001), which estimate the variance associated 
with each interval.  In addition, a covariance structure could be imposed across intervals. 
Both fixed and random GS outperformed selection on BLUP EBV estimated from 
phenotype in the initial generations.  There was strong evidence that the use of ridge 
regression (random ) outperformed the usual multiple regression (fixed ), especially in 
early generations.  Treating marker scores as fixed resulted in substantially lower responses 
in all generations than treating marker scores as random effects, except when trait heritability 
was 0.25 and size of marker intervals was 20 cM for both distributions of favorable QTL 
alleles.  Ridge regression has great potential in GS, especially with a small set of data.  
Random GS also outperformed fixed GS when phenotypes were only available for the F2, 
again demonstrating the better behavior of the random estimates which will be beneficial for 
traits that are difficult or expensive to measure.  Using GS is also advantageous when 
phenotypes are recorded in only one sex, such as milk yield, or only on culled animals, such 
as meat quality traits or after selection (Visscher et al. 2000; Goddard & Hayes 2002). 
Heritability of the trait affected the magnitude of the extra gain obtained from GS 
over selection on BLUP using only performance records.  The lower the heritability, the 
greater the benefit of GS over BLUP.  This is because when heritability is low, phenotype 
has less information to be estimated, leading to inaccurate marker effects and less response 
for GS.  Treating marker scores as fixed for a large number of marker intervals (90) resulted 
in poor estimates caused by colinearity and led to lower responses than treating marker 
scores as random.  The extent of colinearity was greater when the number of marker intervals 
βˆ βˆ
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increased (180).  As a result, fixed GS gave lower responses (% BLUP) whereas random GS 
gave higher response (% BLUP) when number of marker intervals increased.  Fixed GS gave 
even lower response when phenotypes were available only in the F2. 
  Unequal distribution of favorable QTL alleles across parental lines increased 
absolute genetic gains in all strategies due to an increase in positive QTL effects lying on the 
same chromosome.  However, benefits of GS over BLUP selection were greater for equal 
distribution of favorable QTL effects across parental lines (i.e. 50/50), except for fixed GS 
with phenotype available only in the F2.    
Models without interactions between generation and marker score outperformed those 
with interactions.  The reason is because the amount of data points available to estimate 
individual effects was greater for models without interactions.  With large marker intervals 
(20 cM), allowing marker score effects to be different across generations had a much larger 
impact on limiting the amount of data and accuracy of marker score estimates.  The accuracy 
of estimating marker effects is the key to quantifying genetic variance explained by QTL and 
accuracy of MAS selection (Goddard & Hayes 2002).  Recombination rate between marker 
and QTL is one of the factors to indicate accuracy of estimates of marker score effects based 
on LD generated by a cross, especially in later generations of a breeding program.  
Interactions may be beneficial when using dense marker maps.  
The efficiency of GS was identified by using the percentage of the superiority of 
cumulative response (CR) and cumulative discounted response (CDR) over selection on 
BLUP from phenotype (% BLUP).  The CDR is the CR over a time horizon weighted by an 
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interest rate.  The idea of CDR is to put more emphasis on genetic improvement made in the 
early generations, rather than in the later generations.  In this study, a 10% discounted rate 
was applied to a simulated pig population, which is suitable for species with short generation 
intervals such as poultry or pigs (Dekkers & Chakraborty 2001).  A higher interest rate can 
be used for a species with a longer generation interval such as cattle (Dekkers & Chakraborty 
2001). 
Early selection in a cross of inbred lines capitalizes on the LD that exists between 
markers and QTL alleles.  The amount of useable LD decreases over generations, depending 
on recombination rates between the QTL and markers.  The results presented here show that 
LD is still substantial after a few generations, as seen when phenotypic data were available 
only in F2. 
Polygenic effect was included in the genetic model to in addition to marker effects to 
investigate the efficiency of GS.  As a result, the expanded selection criteria would be the 
sum of estimated marker scores and estimated breeding values.  Different polygenic 
variances for genetic evaluation were used.  Adding a polygenic effect had limited impact on 
results observed for crosses between inbred lines.   
We simulated a cross between inbred lines.  In this case, all genetic variance present 
in the cross originates from QTL differences between the lines and can be captured by 
markers that are informative for breed origin.  When crossing outbred breeds, as would be 
the case for livestock, genetic variance in the cross is a combination of between and within-
breed variances.  In this case, only variance generated by between-breed differences is 
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amenable to the strategies proposed here with selection on markers based on line origin.  As 
a result, the benefit of GS using between-breed LD will be smaller than observed here. 
Nevertheless, breed crosses between commercial lines have shown to result in substantial 
numbers of QTL based on between-breed LD, which would be amenable to GS using the 
approach suggested here.  In such crosses, to capitalize on within-breed variation, a 
polygenic effect should be fitted in addition to marker score effects.  In addition to capturing 
linkage disequilibrium generated by the cross, markers can also be used to follow the co-
segregation of markers and QTL within families by adding a random QTL variable, 
following Perez-Enciso & Varona (2000).   
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APPENDIX 
The complete derivation is given below. 
)]|([)]|([)( BAEVBAVEAV
BB
+= . Using     
ijki MSA *β=  and ijkMSB =Let     .  
Then     
It was assumed that marker intervals were independent and each marker interval contributed 
equal variance. 
NVMSV Gijki =)*(β , 
             
where N = number of marker intervals (90 or 180). 
)]|*([)]|*([)( iMSMSEViMSMSVEAV ijkijki
MS
ijkijkiMS
=+== ββ , 
)]|*([ iMSMSVE ijkijkiMS =β  where 
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4
0
)|*(*)(
i
ijkijkiijk iMSMSViMSP β      = 
    = ∑ =
=
4
0
2 )(**)(
i
iijk ViiMSP β  
and )]|*([ iMSMSEV ijkijkiMS =β    
= ∑ ∑ ==−==
= =
4
0
4
0
22 )]|*(*)([)]|*([*)(
i i
ijkijkiijkijkijkiijk iMSMSEiMSPiMSMSEiMSP ββ   
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µµβ −=  ,  
N
which in our case is equal to zero because the expected means of the two lines are equal.  
This would be true for the 50/50 case but not for the 75/25 case. 
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Table 1. Cumulative and cumulative discounted (10% interest) responses (CDR) from 
genomics selection for alternate levels of polygenic variances used for genetic evaluation, 
availability of phenotypic data and having interactions between marker effects and 
gener ith heritability 0.1, 20 cM al distribution of 
favor cross s.  Resul e breedi es 
and from GS using only signif  tervals (threshold = 0.05) are presented also for 
comparison. 
odel of analys Cum ve r ses
(% er B ) 
ations, for a trait w
able QTL effects a
marker intervals and equ
ts from selection on truparental line ng valu
icant marker in
M is u ilat e nspo   
 ov LUP
Marker 
ffects 
Polygenic 
vari 1)
Phenotype 
availability 
for GS 
 (% over 
BLUP) 
e ance F3 F5 F8 F11
CDR 
Fixed 0 F2 only  -39 -22.4 69 -10 -28 
 69 31 21 13 
 31 
 
  
F   109 -20 1
0 All  23.3 
10 All  85 21 13 24.0 
25 All  84 36 24 17 27.3 
50 All 83 36 25 18 28.4 
Random 0 2 only 20 -6 .7ns
 0 All  109 46 27 14 31.7 
 34 
 
50 
 
10 All  98 22 14 26.3 
25 All  96 37 24 16 28.3 
 All  97 37 24 17 28.7 
Fixed with 0 All 69 16 5 0 9.1 
Interaction 69 17 
 50 All 
Random with 0 All  109 31 12 4 18.2 
10 All  5 1 9.3 
 25 All  70 19 6 1 11.0 
 70 19 8 3 11.8 
Interaction 
 
 
10 
25 
50 
All 98 23 10 4 15.2 
 
All  94 24 14 8 18.2 
Selection on True BV  198 81 47 27 57.3 
 
All 96 26 14 6 18.3 
MAS on significant QTL only 2)
Fixed with 
Interaction 
True 
polygenic 
variance 
All 
 
77 19 4 -2 8.9 
1 Polygenic variance used as a % of total genetic variance in the F2
ns = not significantly different from BLUP (p > 0.05).  
 MAS using significant marker intervals in genetic evaluation (Piyasatian et al. 2006).2)
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Table 2. Effect of the distribution of favorable QTL alleles and size of marker intervals on 
cumulative and cumulative discounted (10% interest) responses (CDR) from genomics 
selection for selection strategy, size of marker intervals, and availability of phenotypic data, 
for a with ity 0.1 and equal 0) an ibutions of 
fav L e oss parental l ts fro din es 
a ls pa
Cumu e r ns
(% r B P) 
 trait 
orable QT
re presented a
heritabil
ffects acr
o for com
(50/5
ines.  Resul
d unequal (75/25) distr
m selection on true bree g valu
rison. 
lativ espo es  
 ove LU
% of 
favorable 
QTL alleles 
from Line 1 
Size of 
ma er 
inte
(cM) 
Models 
Phenotype 
availability 
for GS 
(% over 
B  
rk
rvals 
 
F3 F5 F8 F11
CDR 
LUP)
50 20 True BV  81 47 27 57.3  198 
  Fixed All  69 31 21 13 23.3 
  Fixed F  -39 
Random All 
F  
50 10 True BV  
2 only  69 -10 -28 -22.4 
   109 46 27 14 31.7 
  Random 2 only  109 20 -6 -20 1.7ns
 200 92 60 46 71.0 
  Fixed All  42 18 16 16 17.5 
  F  
 Random All 
 F  
75 20 True BV  
Fixed 2 only  42 -29 -48 -54 -40.7 
  112 49 30 23 36.7 
 Random 2 only  112 25 -2 -13 7.3 
 177 66 40 24 50.2 
  Fixed All 11  65 25 17 20.6 
  Fixed F  -33 -41 
Random All 38 22 13 
F  
75 10 True BV  
2 only  65 -13 -24.7 
   103 28.1 
  Random 2 only  103 17 -7 -18 2.2 
 181 80 58 43 66.1 
  Fixed All  39 13 16 14 15.3 
  Fixed F2 only  39 -32 -48 -54 -41.3 
  Random All  106 43 32 23 36.4 
  Random F2 only  106 22 3 -8 10.1 
 
ns = not significantly different from BLUP (p > 0.05).  
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Table 3. Average frequencies of favorable QTL in the F5 and F11 from genomics selection 
depending on selection strateg il e ic d ze of als, 
for eritability was 0.1 l d ion avor  allele ntal 
line
 
BLUP  d om
y, availab
and equa
ity of ph
istribut
notyp
 of f
ata, and si
able QTL
marker interv
s across parea trait h
s.   
True 
BV  Fixe GS Rand  GS  
All1) - All F  All F2  2 only  only
Marker 
interval 
(cM) 
 Average Q
e ge f nc vor  QTL alleles in F5
QTL 
effect 
range 
%  of
QTL TL ffect Avera reque y of fa able2)
2  5 0.50 0.50 0 0 0.3 0 2) 0.49 0.50 0.50 0.50 
 >0 .5 0.24 0.52 
0.74 
0.66 
 ge f c vor QT les 
-0 19.2 
16.2 
0.55 0.53 0.52 0.54 0.53 
 
 
0.5-1.0 
1.0-1.5 
0.57 
0.63 
0.64 
0.73 
0.60 
0.67 
0.57 
0.61 
0.61 
0.69 
0.59 
0.65 8.5 1.22 
 1.5-2.0 4.1 1.71 0.67 0.80 0.73 0.75 0.71 
 2.0-3.5 1.6 2.32 0.74 0.88 0.78 0.69 
2)
0.81 0.76 
   Avera requen y of fa able  L alle in F11
 0 5 0.49 0.3 0 2) 0.49 0.49 0.50 0.49 0.50 
 
 
>0 5 0.24 0.57 
0.5 .0 
ge nc vo  QT les 
-0.
-1
19.2 
16.2 
0.64 
0.81 
0.60 
0.74 
0.54 
0.61 
0.60 
0.74 
0.54 
0.64 0.74 0.69 
 
 
1.0-1.5 
1.5-2.0 
8.5 
4.1 
1.22 
1.71 
0.82 
0.89 
0.89 
0.93 
0.86 
0.93 
0.68 
0.76 
0.86 
0.93 
0.75 
0.83 
 2.0-3.5 1.6 2.32 0.96 0.96 0.96 0.80 
2)
0.96 0.89 
    Avera freque y of fa rable L alle in F5
1  7 0.50 0 0 5.1 0 2) 0.49 0.50 0.50 0.49 0.49 
 >0 .5 0.24 0.53 
0.68 
ge f c vor 2) QT les 
-0 10.1 0.56 0.53 0.51 0.54 0.53 
 
 
0.5-1.0 
1.0-1.5 
7.7 
4.3 
0.74 
1.22 
0.58 
0.63 
0.66 
0.75 
0.59 
0.66 
0.55 
0.59 
0.61 
0.70 
0.60 
0.66 
 1.5-2.0 1.9 1.71 0.67 0.82 0.70 0.63 0.75 0.70 
 2.0-3.5 0.9 2.32 
 
0.75 0.92 0.79 0.84 0.81 
   Avera requen y of fa able  L alle in F11
 0 7 0 05.1 .50 2) 0.49 0.50 0.50 0.49 0.49 
 >0-0.5 10.1 0.24 0.57 0.69 0.59 0.53 0.60 0.56 
 0.5-1.0 7.7 0.74 0.71 0.90 0.75 0.57 0.79 0.67 
 1.0-1.5 4.3 1.22 0.82 0.96 0.88 0.65 0.91 0.78 
 1.5-2.0 1.9 1.71 0.89 0.97 0.94 0.70 0.95 0.84 
 2.0-3.5 0.9 2.32 0.97 0.99 0.98 0.77 0.98 0.94 
1) Generations with phenotypic data 
e 1 alleles were considered favorable. 
 
 
2) For QTL with zero effects, Lin
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Table 4. Average frequencies of favorable QTL for a 75/25 distribution of favorable QTL 
alle ss pa l lines, dep  n y of p ta, 
and arker interv t a fo rait w ility 0
 
ed om
les acro renta ending on
hout inter
selectio
ctions) 
 strategy,
r a t
 availabilit
ith heritab
henotypic da
.1.    size of m als (wi
BLUP True BV Fix GS Rand  GS  
All1) - All F  All F2 only 2 only
Marker 
interval 
(cM) 
 
 
Average 
e ge nc avo  QT les
QTL 
effect 
range 
%  of
QTL QTL ffect Avera freque y of f rable2) L alle   in F5
2  5 00 0 0.3 0 .53 2) 0.57 0.55 0.54 0.57 0.58 
 >0-0.5 1
0.5 .0 0.74 0.59 0.63 
0.71 
 Average freq 2) QT les 
9.2 0.24 0.54 0.58 0.55 0.54 0.57 0.56 
 -1 16.2 
8.5 
0.66 
0.74 
0.62 
0.68 
0.58 
0.62 
0.62 
0.67  1.0 .5 
1.5-2.0 
-1 1.22 
1.71 
0.64 
0.70 
0.70 
0.77  4.1 0.81 0.75 0.68 0.72 
 2.0-3.5 1.6 2.32 0.74 0.87 0.79 0.81 0.75 
   uency of favorable L alle in F11
 0 5 0.56 0.3 0 2) 0.61 0.57 0.54 0.62 0.61 
 >0-0.5 1
0.5 .0 0.74 0.73 0.84 
0.83 
ge n avor 2) QT les
9.2 0.24 0.59 0.68 0.61 0.55 0.64 0.60 
 -1 16.2 
8.5 
0.77 
0.88 
0.61 
0.68 
0.78 
0.87 
0.68 
0.77  1.0 .5 
1.5-2.0 
-1 1.22 
1.71 
0.91 
0.94  4.1 0.91 
0.96 
0.93 0.77 0.94 0.85 
 2.0-3.5 1.6 2.32 0.96 
freque
0.96 0.82 0.95 0.86 
    Avera cy of f able L alle  in F5
1  7 00 0 5.1 0 .54 2) 0.58 0.55 0.53 0.58 0.58 
 >0-0.5 1
0 0.74 0.59 0.68 
0.64 0.77 
0.70 
A e nc avor  QT les 
0.1 0.24 0.54 0.58 0.55 0.53 0.56 0.56 
 0.5-1.
 
7.7 
4.3 
0.61 
0.67 
0.56 
0.60 
0.64 
0.71 
0.62 
0.68 1.0 .5 
1.5-2.0 
-1 1.22 
1.71  1.9 0.83 
0.90 
0.72 0.63 0.76 0.71 
 2.0-3.5 0.9 2.32 0.74 
verag
0.77 0.67 0.84 0.80 
    freque y of f able2) L alle in F11
 0 7 0.56 5.1 0 2) 0.62 0.57 0.53 0.63 0.62 
 >0-0.5 1 0.65 
 0.5-1.0 7.7 0.74 0.73 0.92 0.78 0.58 0.81 0.72 
 1.0-1.5 4.3 1.22 0.83 0.97 0.88 0.65 0.92 0.81 
 1.5-2.0 1.9 1.71 0.91 0.98 0.95 0.70 0.95 0.85 
 2.0-3.5 0.9 2.32 0.95 0.99 0.98 0.76 0.99 0.93 
0.1 0.24 0.58 0.72 0.62 0.54 0.60 
1) Generations with phenotypic data 
e 1 alleles were considered favorable 
 
2) For QTL with zero effects, Lin
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Table 5. Respon nomic select it her ng of 
selection strategy trib  f alleles ker in  
cumulative and ve te r st) responses (CDR).  Res  
selection on true b g values are presented also for comparison. 
ulative responses  
(% r B ) 
ses to ge
, the dis
 cumulati
reedin
ion for a tra itability of 0.25, showi effect 
ution of
 discoun
avorable QTL
d (10% inte
 
e
 and size of mar tervals on
ults from
Cum
 ove LUP
% of 
favorable 
QTL alleles 
from Line 1 
Size of 
ma er 
inte
(cM) 
Phenotype 
availability 
for GS 
(% over 
B  
rk
rvals Models  F3 F5 F8 F11
CDR 
LUP)
50 20 True BV   82 32 15 4 20.78 
  Fixed All  40 19 12 6 14.19 
  Fixed F2 only 
  Random F2 only 
 40 -6 -22 -31 -16.62 
  Random All  52 20 8 2 12.27 
 52 4 -14 -23 -7.40 
50 10 True BV   87 44 30 21 34.84 
  Fixed All  27 15 13 11 13.84 
  Fixed F2 only -30.62 
All 
Random F2 only 
 
 27 -22 -37 -42 
  Random  54 24 16 10 19.09 
   54 8 -7 -15 -1.58 
75 20 True BV  75 32 16 5 21.46 
  Fixed All  40 19 12 6 13.86 
  Fixed F2 only 
All 
Random F2 only 8 -9 
75 10 True BV   78 41 30 21 33.78 
 40 -5 -21 -30 -15.16 
  Random  50 22 11 3 14.41 
   50 -18 -3.04 
  Fixed All  25 15 14 11 14.02 
  Fixed F2 only  25 -20 -34 -40 -28.00 
  Random All  50 26 17 11 20.02 
  Random F2 only  50 11 -2 -10 2.84 
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Ta ver equencies b   fro c sele ait 
with heritability 0.25 and equal io v le QT acros es, 
dep on s n s , a ility of phenotypic data, and size of marker intervals 
(without interactions).   
ed om
ble 6.  A age fr
electio
of favora
 distribut
vailab
le QTL
n of fa
alleles
orab
m genomi
L alleles 
ction for a tr
s parental lin
ending trategy
BLUP True BV Fix GS Rand  GS  
All1) - All F2  All Fonly 2 only
Marker 
interval 
(cM) 
 Average 
e ge nc avo 2) QT les
QTL 
effect 
range 
%  of
QTL QTL ffect Avera freque y of f rable L alle   in F5
2  0.50 0 0 50.3 0 2) 0.49 0.50 0.50 0.50 0.50 
 >0 .5 0.24 0.52 
1
 A e nc avor  QT les 
-0 11.5 0.53 0.54 0.53 0.53 0.53 
 0.5-1.0 10.4 0.74 0.55 0.58 0.57 0.55 0.57 0.55 
0.60  
 
1.0-1.5 
1.5-2.0 
9.7 
7.4 
1.24 
1.74 
0.60 
0.64 
0.64 
0.69 
0.62 
0.67 
0.60 
0.63 
0.62 
0.67 0.65 
0.73  2.0-3.5 0.7 2.81 0.72 0.79 0.76 0.71 
2)
0.77 
   verag freque y of f able L alle in F11
 0 50.3 0 0.50 2) 0.49 0.50 0.50 0.49 0.50 
 
 
>0 5 0.24 0.56 0.59 
0.65 
10.7 0.94 0.92 
Average n avo ) QT les
-0.
-1
11.5 
10.4 
0.59 
0.70 
0.55 
0.59 
0.57 
0.66 
0.56 
0.59 0.5 .0 
1.0-1.5 
0.74 
1.24 
0.72 
0.81  9.7 0.76 
0.85 
0.79 0.66 0.77 0.68 
 
 
1.5-2.0 
2.0-3.5 
7.4 1.74 0.86 0.87 
0.95 
0.71 
0.82 
0.86 
0.94 
0.75 
0.86 2.81 
    freque cy of f rable2 L alle  in F5
1  75.1 0 0.50 2)0 0 0.49 0.49 0.50 0.50 0.49 
 >0-0.5 6.1 0.25 0.53 
0.60 
A e nc avor  QT les 
0.53 0.52 0.51 0.53 0.53 
0.57  0.5-1.0 5.3 0.75 0.57 0.60 0.58 0.55 0.59 
0.63  
 
1.0-1.5 
1.5-2.0 
4.6 
3.5 
1.23 
1.74 
0.61 
0.64 
0.65 
0.72 
0.62 
0.67 
0.57 
0.61 0.69 0.66 
 2.0-3.5 5.5 2.81 0.72 0.81 0.75 0.67 
2)
0.77 
L alle
0.73 
    verag freque y of f able in F11
 0 7 0.49 0.49 5.1 0 2) 0.49 0.49 0.49 0.49 
 >0-0.5 6.1 0.25 0.58 0.62 0.58 0.52 0.58 0.55 
 0.5-1.0 5.3 0.75 0.68 0.81 0.73 0.58 0.72 0.64 
 1.0-1.5 4.6 1.23 0.78 0.90 0.82 0.62 0.83 0.70 
 1.5-2.0 3.5 1.74 0.84 0.95 0.91 0.68 0.90 0.79 
 2.0-3.5 5.5 2.81 0.94 0.97 0.96 0.77 0.96 0.88 
1) Generations with phenotypic data 
 For QTL with zero effects, Line 1 alleles were considered favorable 
 
2)
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Ta ver equencies a L eno tion f ith 
her  0.25 and a 75/25 io vorable QT cros es, 
dep on s n s , a ility of phenotypic data, and size of marker intervals 
(without interactions).  
BLUP Fixed Random
ble 7. A age fr
electio
of favor
 distribut
vailab
ble QT
n of fa
 for g mic selec
L alleles a
or a trait w
s parental linitability of
ending trategy
True 
BV  GS  GS  
All1) - All F2 only All F2 only
Marker 
interval 
(cM) 
QTL 
range 
 Average QTL 
e ge nc avo 2) QT les
effect %  ofQTL ffect Avera freque y of f rable L alle   in F5
20 0 50.3 0.54 0 2) 0.57 0.56 0.55 0.59 0.59 
 >0 .5 0.24 0.54 0.57 0.56 
0.58 
10.7 
 Average frequenc vor  QTL alleles in F11
-0 11.5 0.56 0.55 0.56 
0.60  0.5-1.0 10.4 0.74 0.61 0.59 0.57 0.59 
 
 
1.0-1.5 
1.5-2.0 
9.7 
7.4 
1.24 
1.74 
0.62 
0.65 
0.66 
0.72 
0.64 
0.69 
0.61 
0.65 
0.65 
0.69 
0.63 
0.66 
 
 
2.0-3.5 2.81 0.73 0.79 0.77 0.71 
able
0.77 0.74 
  y of fa 2)
 0 50.3 0.56 2) 0.61 0.58 0.55 0.63 0.65 0 
 >0-0.5 11.5 0.24 0.58 0.64 
10.4 0.74 0.69 
1
ge nc vo 2) QT les
0.62 
0.72 
0.57 
0.62 
0.62 
0.71 
0.60 
0.67  0.5-1.
 
0 
1.0-1.5 
0.75 
0.84 9.7 1.24 0.79 0.83 0.68 0.82 0.73 
 
 
1.5-2.0 
2.0-3.5 
7.4 
0.7 
1.74 
2.81 
0.86 
0.94 
0.90 
0.93 
0.89 
0.95 
0.73 
0.83 
0.88 
0.94 
0.78 
0.87 
    Avera freque y of fa rable L alle  in F5
1  7 0.55 0 0 5.1 0 2) 0.58 0.56 0.54 0.59 0.59 
 >0-0.5 6.1 0.25 0.54 0.54 
A e f c vor  QT les 
0.56 0.53 0.56 0.56 
 0.5-1.0 5.3 0.75 0.57 0.62 0.59 0.56 0.61 0.60 
 
 
1.0-1.5 
1.5-2.0 
4.6 
3.5 
1.23 
1.74 
0.61 
0.65 
0.68 
0.73 
0.63 
0.68 
0.58 
0.63 
0.66 
0.71 
0.64 
0.68 
 2.0-3.5 5.5 2.81 0.74 0.82 0.77 0.69 
2)
0.78 0.75 
    verag requen y of fa able L alle in F11
 0 7 0.58 5.1 0 2) 0.62 0.58 0.54 0.64 0.65 
 >0-0.5 6.1 0.25 0.58 0.66 0.60 0.54 0.62 0.59 
 0.5-1.0 5.3 0.75 0.70 0.83 0.75 0.59 0.76 0.69 
 1.0-1.5 4.6 1.23 0.78 0.92 0.85 0.63 0.85 0.75 
 1.5-2.0 3.5 1.74 0.85 0.95 0.91 0.69 0.92 0.81 
2.0-3.5 5.5 2.81 0.95 0.98 0.97 0.80 0.97 0.90  
1) Generations with phenotypic data 
2) For QTL with zero effects, Line 1 alleles were considered favorable 
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CHAPTER 6  
GENERAL CONCLUSIONS AND DISCUSSION 
GENERAL CONCLUSIONS 
The research conducted in this dissertation addresses several important issues in use 
of QTL identified in breed crosses for genetic improvement in pigs. Marker-assisted 
introgression (MAI) and/or marker-assisted selection (MAS) combine marker and phenotype 
data to rank individuals for selection in a synthetic line derived from crosses of inbred lines. 
In Chapter 2, the efficiency of MAI of multiple QTL was examined by relaxing the standard 
requirement of maintaining the favorable QTL allele frequencies at 50% during the 
backcrossing phase.  The findings of this research were:   
• For larger fractions selected, larger marker intervals, and more QTL, frequency 
reductions from 0.5 were greater and increased with additional generations of 
backcrossing.  
• In the backcrossing phase, with 5% selected and 20 cM marker intervals for 3 QTL, 
sufficient backcross progeny that were heterozygous for all markers were available, 
and QTL frequencies dropped below 0.5 only because of double recombinants.   
• The number of intercrossing generations required to achieve fixation of QTL 
increased with proportions selected, size of marker intervals, and number of 
introgressed QTL.   
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• Location of the QTL (at the center or close to one or the other) in the marked 
intervals flanked by several markers did not affect QTL frequencies or the proportion 
of QTL lost at the end of the introgression program.   
• Introgressing multiple QTL can be accomplished in a MAI program of limited size 
without requiring individuals selected during the backcrossing phase to be carriers of 
favorable alleles at all QTL. 
Chapter 3 identified the choice of a suitable model for marker-assisted evaluation of 
multiple QTL in a synthetic line derived from crossing two inbred lines.  It was assumed that 
QTL were previously correctly identified to be in a given marker interval.  Findings from this 
research were:   
• The impact of the magnitude of QTL variance used for genetic evaluation for the 
model with fixed and random marker effects and polygenic effect (BMR) on average 
QTL frequencies and response to selection was limited and differences in response 
between BM and BMR were small.   
• Although the model accounting for only the number of marker alleles (M) resulted in 
lower responses than selection on BLUP EBV estimated from phenotype alone, this 
selection criterion can be used without collecting phenotypes and can provide a 
significant increase in cumulative genetic response for a few rounds of selections for 
some traits, including traits that cannot be directly measured, such as meat quality 
traits and disease resistance traits.  Measurements of most meat quality traits and 
disease resistance traits can only be obtained by sacrificing animals either by 
slaughtering or by challenging with diseases. 
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• For a given amount of variance explained by the QTL, maximal genetic gains at the 
QTL from the F2 to fixation increased when the number of QTL increased and were 
the product of the number of QTL and the effect per QTL (equal QTL effects). 
• QTL detected without error on positions of QTL in breed crosses can be used for 
subsequent selection within the cross, even using markers that are 20 cM apart.   
• The efficiency of MAS depends on the stringency of the threshold used for QTL 
detection.  In most cases, a low stringent threshold was preferable for all MAS 
strategies.  All MAS strategies outperformed selection on BLUP EBV from 
phenotype in initial generations by rapidly increasing the frequency of detected QTL.  
• The model that included fixed marker effects and polygenic effects (BM) 
outperformed all other criteria in all generations, even when phenotypic data were 
available only in the F2. 
• When phenotypic data were available only in the F2, the model with only significant 
marker intervals and no polygenic effect (MR) gave the lowest genetic gain. 
• Heritability had no effect on the ranking based on responses to selection of the MAS 
models but the benefits of MAS over BLUP were greater when heritability was lower.  
• Based on genetic gains and ease of implementation, the model with fixed marker 
effects and polygenic effect (BM) was recommended as the most suitable model for 
marker-assisted selection in crosses of inbred lines.   
Chapter 4 examined the efficiency of a two-stage strategy for MA-synthetic line 
improvement.  The first stage involved QTL detection and the second MAS on the identified 
QTL.  Findings from this research were: 
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• With phenotype and marker data available in all generations, responses to MAS 
increased when using a less stringent threshold.  
• The benefit of unequal distribution of favorable QTL alleles across parental lines on 
responses to selection decreased for the model with marker effects and polygenic 
effects (BM) with large marker intervals when compared to an equal distribution of 
favorable QTL alleles across parental lines.  With the same scenario, responses to 
models that did not include polygenic effects (MR and M) increased but increased 
with small marker intervals.   
• A reduction in the size of marker intervals can reduce responses when multiple 
regression and backward elimination were used to identify and estimate significant 
marker interval effects.   
• Benefits of MAS over standard BLUP were lower with high heritability.   
Chapter 5 evaluated the efficiency of single stage MA-synthetic line improvement 
through genomic selection on all marker regions across the genome regardless of 
significance.  Findings from this research were: 
• The GS strategy that treated marker effects as random (random GS) outperformed 
that treated marker effects as fixed (fixed GS) in early generations and performed 
slightly better than fixed GS in later generations.  
• Superiority of responses to random GS over fixed GS was larger when the number of 
marker intervals increased (from 90 intervals of 20 cM to 180 intervals of 10 cM). 
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• Genomic selection resulted in greater response than MAS based on only significant 
marker intervals (standard MAS) by increasing the frequency of QTL with both large 
and small effects.  
• The efficiency of genomic selection over standard MAS depends on stringency of the 
threshold used for QTL detection in standard MAS.  
• Benefits of GS over standard BLUP were lower with high heritability.   
GENERAL DISCUSSION 
 Owing to advances in molecular genetics, a considerable number of loci and 
chromosomal regions that have an effect on quantitative traits of economic importance have 
been discovered in many species.  The use of detected QTL information for breeding 
programs in order to enhance genetic improvement of livestock, however, remains limited.  
With many QTL being detected in breed crosses, the focus of this dissertation was to further 
investigate strategies for introgressing multiple QTL in livestock populations, identification 
of models for genetic evaluation of MAS in crosses, and evaluation of the efficiency of the 
standard MAS and genomic selection in crosses.  The results have important practical 
implications, as will be described in the following.  
 In Chapter 2, results provide a possible solution to the infeasibility of a traditional 
introgression program of multiple QTL in livestock by requiring parents selected during the 
backcrossing phase to be carriers of the donor allele at all QTL.  Introgressing multiple QTL 
can be accomplished in a MAI program of limited size without requiring individuals to be 
heterozygous for all QTL.  Introgression in livestock is practical and cost effective when 
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introgressed genes have large effects (Dekkers 2004).  Introgression of a QTL region of a 
given size by using multiple markers in the QTL region was more effective than using only 
two markers that flanked the region, given that the QTL exists in the region.  Multiple 
markers in and around the QTL region provide opportunities to select the donor’s foreground 
genome and the recipient’s background genome.  An optimal selection criterion can be 
derived given knowledge of QTL effects and background genome differences between the 
two breeds.  The number of generations of backcrossing and intercrossing must be based on 
business goals, which involve the effects of the QTL, the difference between donor and 
recipient lines in background genome effects, the opportunity cost of the potential selection 
response that is lost for other genes, and the costs that are associated with the introgression 
program such as DNA collection, genotyping, and genotypic database management. 
 An important implementation of results in Chapter 3 is that the suitable model for 
MAS in synthetic lines created by crossing two or more breeds is the model with fixed 
marker and polygenic effects (BM).  When considering crosses between outbred lines, which 
would be the case for livestock, the most suitable model for genetic evaluation may be 
different and favor a model with random QTL effects in addition to fixed marker effects and 
polygenic effects (BMR).   The random QTL effects can capture QTL variance within lines 
by following the co-segregation of markers and QTL within families, whereas fixed marker 
effects capture LD created in the cross.  Large size of marker intervals enhances the 
performance of BMR compared to BM because co-segregation variance between markers 
and QTL increases with a greater recombination rate between markers and QTL.  This may 
result in better performance for BMR than BM for crosses between outbred lines. 
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 When only marker data were available, MAS resulted in a significant increase in 
cumulative genetic response for a few rounds of selections before its cumulative response 
became less than selection on BLUP on phenotype, which assumed phenotype was available 
each generation.  Thus, marker information can beneficial for selection for traits such as meat 
quality and disease resistance, for which collection of phenotypes is difficult.  The 
assumption of this study was that QTL were detected without error on positions of QTL.  The 
efficiency of MAS would be expected to be lower when selecting on false positive QTL.  
 The study in Chapter 4 shows that backward elimination regression can be used for 
QTL detection and gives significant cumulative responses for MAS compared to selection on 
BLUP EBV derived from phenotype.  When phenotype and/or marker data were available 
only one generation, responses to selection were lower than having phenotypic and marker 
data in each generation, as expected.  Responses to selection can be improved by 
incorporating reproductive technologies such as “velogenetics” (Georges & Massey 1991) 
and “speed genetics” (Visscher et al. 2000).  These approaches reduce generation intervals 
by selecting immature individuals such as germ-lines using markers alone.  
      Implications of results in Chapter 5 are that genomic selection on all regions of the 
genome, combined with ridge regression for estimation of effects, results in significantly 
superior responses to selection compared to selection on BLUP EBV derived from phenotype 
and compared to MAS on significant QTL regions alone. When selecting in crosses between 
inbred lines, genomic selection can be accomplished with an informative marker every 20 
cM, in contrast to genomic selection in outbred populations, which requires an informative 
marker every 1 cM (Meuwissen et al. 2001).  Statistical confounding of marker estimates 
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obtained from fixed GS strategy caused lower response rates than random GS.  Thus, 
genomic selection is the approach of choice for genetic improvement for crosses from both 
inbred (this study) and outbred lines (Meuwissen et al. 2001).   Further work is required to 
investigate an economic analysis of genomic selection in pig breeding programs, including 
commercial pig production.   
 An interesting aspect that is beyond the scope of present studies is to use overlapping 
generations instead of discrete generations.  In practice, animals are being used for several 
rounds of selection, resulting in several age groups.  This allows the candidates for selection 
for the next generation to compete with the current available parents and replace only part of 
total parents.   
 In conclusion, identified QTL from a genome scan using F2 design can be used to 
enhance genetic improvement.  It is feasible to introgress multiple QTL in livestock with an 
introgression program of limited size.  Although backward elimination has a problem with 
colinearity when marker intervals increase, it can give significant response to selection 
compared to BLUP.  Genomic selection using ridge regression resulted in considerably 
higher responses than MAS using only significant marker intervals obtained from genome 
scan. 
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APPENDIX 1 
 
INTROGRESSING MULTIPLE QTL IN BACKCROSS BREEDING PROGRAMS 
OF LIMITED SIZE  
 
This paper was published in Proceedings of the 7th World Congress on Genetics  
 
SUMMARY 
The ability to enrich a breed with favorable alleles for multiple unlinked QTL from a donor 
breed in a backcross program of limited size through marker-assisted introgression was 
evaluated by considering the effects of fraction selected, marker interval, and number of 
QTL. Informative flanking markers were used to select progeny with the largest expected 
number of recipient QTL alleles for 5 generations. With <
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5% selected, sufficient progeny 
were available that were heterozygous for all markers at three QTL and QTL frequencies 
dropped below 50% only by double recombination. For larger fractions selected, larger 
marker intervals, and more QTL, reductions from 0.5 were greater and increased over 
generations. However, even with 20% selected, 3 QTL and marker intervals of 5 or 20 cM, 
mean QTL frequencies in generation 5 were 0.35 and 0.30, sufficient to allow subsequent 
selection on QTL. 
INTRODUCTION 
Recent breed cross studies have found several QTL for economic traits that segregate 
between breeds.  For example, an F2 crosses between Berkshire and Yorkshire grandparents 
identified several favorable QTL for meat quality in the Berkshire breed, which has 
undesirable growth performance (Malek et al., 2001a,b). It is, therefore, of great interest to 
develop marker-assisted introgression (MAI) strategies to incorporate the desirable QTL 
allele from a donor breed (Berkshire) into a recipient breed (Yorkshire).   
Introgression involves two successive phases: a backcrossing phase and an introgression 
phase. Backcrossing includes foreground selection for carriers of the donor QTL allele(s) 
and, potentially, background selection for the recipient’s background genome. Most studies 
have considered MAI of single QTL (e.g., Visscher et al., 1996; Yancovich et al., 1996). 
Koudandé et al. (2000) considered foreground selection on multiple QTL, with alternative 
strategies based on gene pyramiding (Hospital and Charcosset, 1997). They showed that 
large population sizes are needed to obtain sufficient individuals that are heterozygous and 
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homozygous for all QTL in the backcrossing and intercrossing phases, respectively.  This 
would make MAI not feasible in livestock breeding programs.  
In many cases, however, immediate fixation of introgressed QTL alleles may not be required. 
Instead, the objective of the backcrossing phase can be to enrich the recipient breed with the 
favorable donor QTL alleles at high enough frequency such that they can be selected on 
following backcrossing. Consequently, the objective of this study was to evaluate the 
efficiency of MAI of multiple QTL in a backcross program of limited size. The impact of 
selected proportion, size of introgressed regions, and number of QTL were considered.  
MATERIAL AND METHODS 
The F1 and five backcross (BC) generations from a cross between two inbred lines that were 
fixed for alternate alleles at QTL and at pairs of flanking markers were simulated 
stochastically.  One, three, or five unlinked QTL were simulated at the center of 0, 5, or 20 
cM marker intervals. A total of 500 BC progeny were generated each generation by mating 2, 
5, 10, or 20% of BC individuals to the recipient parental line.  The BC progeny were selected 
on the expected number of donor alleles at the n introgressed QTL, as determined from 
marker genotypes: I = , where  is the probability that the individual carries the 
donor allele for QTL i. Probabilitie  were set equal to 1, ½, and 0 if the individual 
carried 2, 1, and 0 donor alleles at the two markers that flanked the QTL, ignoring double 
recombinants. Efficiency of MAI was evaluated by the frequency of donor QTL alleles, 
r loci. 
greater reductions in allele frequencies. Nevertheless, even with a 20 
cM interval, mean frequencies were 0.40 and 0.30 in generation five for 10 and 20% 
lected, respectively.  
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RESULTS  
Table 1 shows the average and standard deviation of QTL frequencies for five backcross 
generations with introgression of three QTL. Results were based on 100 replicates and 
averaged over the three QTL. The ability to maintain a frequency of 0.5 for the donor QTL 
alleles depended on the fraction selected and marker distance. With a selected fraction of 2 or 
5%, sufficient BC individuals could be identified that were heterozygous at all flanking 
markers and reductions in frequencies from 0.5 were the result of double recombinants. Since 
double recombinants are more frequent with larger marker intervals, a slight reduction in 
frequency was observed for the 20 cM interval. This was also the case for 10% selected when 
marker intervals were 0 and 5 cM, but for a 20 cM interval with 10% selected and for all 
intervals with 20% selected, some selected individuals were not heterozygous for all flanking 
markers. The number of such individuals increased with selected proportion and marker 
interval and resulted in 
se
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Table 1. Average and standard deviation of QTL frequencies in five backcross 
generations for various selected proportions (SP) and marker interval distances (d) for 
introgression of three unlinked QTL. Results are based on 100 replicates. 
 
QTL frequency in backcross generation SP  
(%) 
d  
(cM) 1 2 3 4 5 
2 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 
 5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 
20 0.50 +  0.02 0.49 + 0.03   0.49 + 0.06A   0.48 + 0.07 A   0.48 + 0.7A
0 0.50 +5  0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 
 5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 
20 0.50 +  0.01 0.49 + 0.02 0.49 + 0.02 0.49 + 0.03 0.48 + 0.04 
0 0.50 +10  0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 
 5 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 0.50 + 0.01 
20 0.48 +  0.02 0.46 + 0.03 0.43 + 0.03 0.42 + 0.04 0.40 + 0.04 
0 0.44 +20  0.02 0.40 + 0.02 0.37 + 0.02 0.36 + 0.03 0.35 + 0.03 
 5 0.44 + 0.02 0.40 + 0.03 0.37 + 0.03 0.36 + 0.03 0.35 + 0.04 
20 0.43 +  0.02 0.38 + 0.02 0.35 + 0.03 0.32 + 0.03 0.30 + 0.04 
A The standard deviation is increased because one QTL was lost in one replicate. 
 
Table 2. Average and standard deviation of QTL frequencies in five backcross 
generations with introgression of 1, 3, or 5 unlinked QTL (n) for different marker 
intervals (d) and 20% selected. Results are based on 100 replicates. 
 
QTL frequency in backcross generation n d 
(cM) 1 2 3 4 5 
1 0 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00 0.50 + 0.00
 5 0.50 + 0.00 0.50 + 0.00 0.50 + 0.01 0.50 + 0.00 0.50 + 0.01
20 0.50 +  0.01 0.49 + 0.01 0.48 + 0.02 0.48 + 0.03 0.47 + 0.05
0 0.44 +3  0.02 0.40 + 0.02 0.37 + 0.02 0.36 + 0.03 0.35 + 0.03
 5 0.44 + 0.02 0.40 + 0.03 0.37 + 0.03 0.36 + 0.03 0.35 + 0.04
20 0.43 +  0.02 0.38 + 0.02 0.35 + 0.03 0.32 + 0.03 0.30 + 0.04
0 0.41 +5  0.02 0.34 + 0.03 0.31 + 0.03 0.28 + 0.04 0.25 + 0.04
 5 0.41 + 0.02 0.34 + 0.03 0.30 + 0.03 0.27 + 0.04 0.24 + 0.04
20 0.39 +  0.02 0.32 + 0.03 0.27 + 0.03 0.23 + 0.04 0.21 + 0.04
  
Table 2 shows the effect of the number of QTL that are introgressed for 20% selected. As 
expected, the reduction in frequency over generations increased with number of QTL and 
marker distance. Introgression of five QTL resulted in a mean frequency of 0.21 in 
generation five. Reductions would be smaller for greater selection intensities.  
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DISCUSSION AND CONCLUSIONS  
This paper puts forth the concept of the use of MAI to enrich a recipient breed with favorable 
QTL alleles from a donor breed by introducing donor QTL alleles at a high enough 
frequency such that they become amenable to subsequent selection. This is in contrast to the 
traditionally accepted aim of an introgression program, which is to select only individuals 
that carry the donor alleles at the QTL or its flanking markers during the backcrossing phase 
and to fix the QTL rapidly during the intercross phase. This, however, requires large numbers 
of individuals, in particular if multiple QTL are introgressed, which is not feasible in 
livestock. Immediate fixation of QTL may be required for disease resistance genes that are a 
prerequisite for survival but this is not necessary for QTL for more general continuous traits, 
such as growth, yield, and meat quality. Results presented here show that, although it may 
not be possible to maintain a frequency of 0.5 during backcrossing in populations of limited 
size, MAI can introduce multiple QTL alleles at frequencies that will enable their selection 
following backcrossing. 
Selection of BC individuals was on the expected number of donor QTL alleles inherited. This 
is an extension to multiple QTL of selection on the probability of QTL inheritance that was 
proposed by van Heelsum et al. (1997b) for MAI of a single QTL with incomplete 
informativeness of markers. Although we assumed fully informative markers, this method 
can be extended to markers that are not fully informative, following the approach of van 
Heelsum et al. (1997a, b). As shown by these authors for a single QTL, use of markers that 
are not fully informative would result in a further reduction in QTL frequencies. Addition of 
markers around the QTL would, however, improve the ability to track QTL. 
The stochastic simulation used here also allowed assessment of the variance of results. The 
standard deviation of frequencies tended to be less than 0.04 (Tables 1 and 2). One exception 
was for 2% selected and the 20 cM interval, which had a standard deviation of 0.07 (Table 
1). This was caused by a single replicate in which the one QTL was lost. In practice, this 
could be prevented by balancing selection of individuals that carry donor alleles for each of 
the QTL. This would also reduce standard deviations. For a given percentage selected, 
standard deviations of frequencies were greater with a population size of 300 than the 500 
used for Tables 1 and 2, but mean frequencies were similar (results not shown). 
 
Selection during the backcrossing phase capitalizes on the linkage disequilibrium that exists 
between the donor’s marker and QTL alleles, while reducing the contribution of the donor’s 
background genome. The amount of useable linkage disequilibrium decreases over 
generations, depending on recombination rates between the QTL and markers. The results 
presented here show that linkage disequilibrium is still substantial after five generations, 
even for 20 cM intervals.   
 
In this study, a simplified selection criterion was used, which puts equal emphasis on all 
QTL. If QTL effects are known, differential weights can be applied to QTL to maximize 
economic response. In addition, no emphasis was put on the background genome. An 
expanded index could include negative emphasis on the donor’s background genome, either 
 159
based on phenotype, or based on markers spread over the genome. Greater emphasis could be 
put on markers near the introgressed segment to reduce linkage drag. Any emphasis on the 
background genome would further reduce frequencies of QTL donor alleles but may be 
advantageous from an economic perspective. In theory, an optimum selection criterion can be 
derived given knowledge of QTL effects and background genome differences between the 
two breeds. Ultimately, the optimal selection strategy, including the number of generations of 
backcrossing, must be based on an economic analysis that involves the effects of the QTL, 
the difference in background genome effects, the opportunity cost of potential selection 
response that is lost for other genes, and the costs that are associated with an introgression 
program. 
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SUMMARY 
Efficiency of genomic selection in a composite line from inbred crosses for a trait with 
heritability of 0.1 using a low density marker maps was evaluated. Cumulative responses 
(CR) and cumulative discounted responses (CDR, 10% interest) over 10 generations, starting 
from the F2, to selection on the sum of estimates of marker interval effects fitted either as 
fixed (Fix-MAS) or random (Ran-MAS) across the genome were compared with standard 
BLUP selection. Results were based on 100 replicates. Both MAS strategies outperformed 
BLUP selection for both CR and CDR. Ran-MAS had greater CR than Fix-MAS in early 
generations and similar CR later. When phenotypes were available only in the F2 for MAS, 
Fix-MAS led to considerable lower CDR than BLUP and Ran-MAS to similar CDR to 
BLUP. In conclusion, genomic selection can be effective in composite lines using a sparse 
marker map.  
INTRODUCTION 
Selection on BLUP-EBV has resulted in significant genetic improvement in livestock but can 
be enhanced by marker-assisted selection (MAS). The standard strategy for MAS is to first 
detect QTL using a genome scan and then use the significant QTL in MAS (Meuwissen and 
van Arendonk, 1992).  A genome scan is, however, subject to false positives and negatives,  
the impact of which on MAS was evaluated by (Hayes and Goddard, 2003). Meuwissen et al. 
(2001) showed that by treating markers (haplotypes) across the genome as random effects, 
selection can be directly on the sum of BLUP of markers, without the need for prior selection 
of significant markers or QTL. They applied this approach, which they termed genomic 
selection, to selection within an outbred population by utilizing population-wide linkage 
disequilibrium (LD) from a high density marker map and showed that a single generation of 
phenotypic data and markers at 1-cM distance resulted in substantial accuracy of EBV and 
that resulting predictions were effective for several generations. One limitation of the 
Meuwissen et al. (2001) approach is that many markers are needed to capitalize on 
population-wide LD across the genome, which may make it not be feasible at present in 
outbred populations. Selection on population-wide LD can, however, also be applied to 
crosses between breeds, which exhibit much greater degrees of LD and would, therefore, 
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require much fewer markers to cover the genome.  Composite lines developed from breed 
crosses are frequently used for genetic improvement by integrating superior genetics from 
each breed, which can be enhanced by MAS. The objective of this study was to evaluate the 
efficiency of a MA-composite line development using genomic selection. 
MATERIAL AND METHODS 
A cross between two inbred lines was simulated stochastically. The genomes of the inbred 
lines consisted of 18 chromosomes with five marker intervals of 20cM per chromosome that 
were also informative for line origin. Each interval had a QTL at the center, with a 50% 
chance of having a non-zero effect. QTL effects were sampled from a standard normal 
distribution and rescaled, relative to a random normally distributed environmental effect that 
was added, to result in an overall heritability of 0.1 and a phenotypic standard deviation of 
13.4. Line origin of the favorable QTL allele was sampled with 50/50 probabilities. Each 
generation, 5% of males and 25% of females were selected, mated at random, and produced 8 
offspring per female, resulting in 400 progeny per generation. Individuals were genotyped for 
all (92) markers starting the F2 and a marker score (MS = 0 to 4) was computed for each 
marker interval as the number of alleles at the flanking markers that originated from line 1. 
Phenotypes were observed in each generation or only in the F2. 
The model for MA-genetic evaluation was yjk = generationk + , where MSijk is 
the MS for interval i of individual j of generation k  marker 
interval (βi) were either treated as fixed or as independent norm lly distributed random 
variables with mean zero and variance derived assumi  each 
interval as , where VG is the (assumed known) genetic variance in the F2 
and  is the probability that MSij2=l, which was derived ignoring double recombinants. 
Response to selection on  with  estimated as fixed or random effects was 
compared with selection on standard BLUP EBV derived from phenotype. For MAS, 
phenotypes were either available each generation, in which case  were re-estimated each 
generation using data from all generations, or available in the F2 only. Selection on the sum 
of true QTL effects was included for comparison.  
RESULTS  
Table 1 shows the impact of alternate selection strategies on cumulative and cumulative 
discounted response (CDR). Extra responses to MAS over selection on BLUP from 
phenotype were greatest for the first round of selection (F3), giving up to twice the response 
as phenotypic BLUP, but extra responses decreased over generations. Treating marker effects 
as random resulted in substantially greater responses in early generations than treating them 
as fixed but had very similar cumulative response by the F11 when phenotypes were available 
for all generations. With use of phenotypes in the F2 only, MAS had greater response than 
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BLUP (which had phenotypes for all generations) up to the F4 when treating marker effects 
as fixed but up to the F6 when treating them as random. Compared to BLUP, CDR in the F11 
was significantly better for both fixed and random MAS when phenotypes were available in 
all generations. With phenotype only in the F2 for MAS, fixed MAS resulted in substantially 
lower CDR than BLUP, but random MAS was just as good as BLUP.   
Table 1. Cumulative response (% over BLUP selection) in the F3, F5, F8 and F11 and 
umulative discounted response (CDR, with 10% interest) in the F11 for different 
selection strategies. Results are 0
 
Cumulative response
c
 based on 1 0 replicates. 
Selection criterion 
availability
F  
Phenotype 
F3 F5 F8 11 CDR
True BV F2-F11 198 81 47 27 57.3 
MAS - Fixed effects  F2-F11
 F2 only - - -39 -22.4 
MAS - Random effects F2-F11 109 46 27 14 31.7 
 F2 only 109 20 -6 -20 1.7ns
69 31 21 13 23.3 
69 10 28
ns = not significantly different from BLUP (p>0.01). 
Ta ag u v by n th
 
BLUP True BV Fixed MAS Random MAS 
 
ble 2. Aver e freq ency of fa orable QTL alleles  QTL effect i e F5 and F11.   
F ) F F2-F111 - 2-F11 F2 2-F11 F2
QTL effect Average QT
e ge Q equ  in F
range 
%  of 
QTL L ffect Avera TL fr ency 5
0 50.3 0 0.50 0.49 0.50 0.50 0.50 0.50 
>0-0.5 19.2 
16.2 
1.5-2.0 4.1 1.71 0.67 0.80 0.73 0.66 0.75 0.71 
2.0-3.5 2.32 
 ge Q equ in F
0.24 0.52 0.55 0.53 0.52 0.54 0.53 
0.5-1.0 0.74 0.57 0.64 0.60 0.57 0.61 0.59 
1.0-1.5 8.5 1.22 0.63 0.73 0.67 0.61 0.69 0.65 
1.6 0.74 0.88 0.78 0.69 0.81 0.76 
  Avera TL fr ency  11
0 50.3 0 0.49 0.49 0.49 0.50 0.49 0.50 
>0-0.5 19.2 
16.2 
1.0-1.5 
1.5-2.0 4.1 1.71 0.89 0.93 0.93 0.76 0.93 0.83 
2.0-3.5 1.6 2.32 0.96 0.96 0.96 0.80 0.96 0.89 
0.24 0.57 0.64 0.60 0.54 0.60 0.54 
0.5-1.0 0.74 0.69 0.81 0.74 0.61 0.74 0.64 
8.5 1.22 0.82 0.89 0.86 0.68 0.86 0.75 
1) Generations with phenotypic data 
 
Table 2 shows average frequencies of favorable QTL alleles in the F5 and F11 for the alternate 
selection strategies, as a function of QTL effects. Average frequencies increased with 
magnitude of the effect for all strategies, as expected. QTL with zero effects had no change 
in average frequency. QTL with very large effects (2-3.5) were nearly fixed for all strategies, 
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including BLUP, except for MAS strategies that used only F2 data. With phenotypes 
available for all generations, fixed and random MAS resulted in very similar average 
frequencies in the F11, consistent with the similar responses in the F11 (Table 1), but random 
MAS had slightly greater frequencies for all QTL classes in the F5. Random MAS with 
phenotype in only the F2 had greater frequencies for all QTL classes than BLUP in the F5, 
whereas fixed MAS had lower frequencies than BLUP for larger QTL (effect >1) and similar 
frequencies for smaller QTL (effect <1). 
DISCUSSION AND CONCLUSIONS  
We investigated the efficiency of genomic selection in a composite line using low density 
marker maps with alternative models of analysis.  Similar to what was found by Meuwissen 
et al. (2001) for genomic selection in an outbred population with a high density map, 
genomic selection was found to substantially outperform BLUP selection within a cross but, 
in contrast to Meuwissen et al. (2001), required only a sparse marker map (20 cM intervals) 
because of the extent of LD that exists within the cross. Whereas Meuwissen et al. (2001) 
could not fit all markers (haplotypes) as fixed effects because their number was greater than 
the number of observations; this was not the case here. When only marker information is 
available, selecting on all marker regions regardless of significance resulted in substantially 
greater responses to what was observed in a previous study (Piyasatian et al., 2006) which 
considered only markers that were significant in following an initial QTL scan within a 
similar cross of inbred lines.  The magnitude of difference between genomic selection and 
MAS following QTL detection depended on whether polygenic effects were included in the 
genetic evaluation model and on the stringency of the threshold used for QTL detection. Both 
fixed and random MAS outperformed BLUP in the initial generations. Treating marker 
scores as fixed, however, resulted in substantially lower response than treating marker scores 
as random effects. With a large number of confounded parameters to be estimated, regression 
leads to colinearity and in poor estimates. Whittaker et al. (2000) suggested the use of ridge 
regression to obtain better estimates by shrinking estimates towards zero. A similar approach 
is used here, but with the degree of shrinkage determined by the expected variance 
contributed by the region. Here, we assumed each interval to be independent and to 
contribute equal variance. Methods can be further improved by Bayesian methods similar to 
Meuwissen et al. (2001), which estimate the variance associated with each interval. In 
addition, a covariance structure could be imposed across intervals. Random MAS also 
outperformed fixed MAS when phenotypes were only available for the F2, again 
demonstrating the better behavior of the random estimates, which will be beneficial for traits 
that are difficult or expensive to measure. 
We simulated a cross between inbred lines. In this case, all genetic variance present in the 
cross originates from QTL differences between the lines and can be captured by markers that 
are informative for breed origin. When crossing outbred breeds, as would be the case for 
livestock, genetic variance in the cross is a combination of between and within-breed 
variances. In this case, only variance generated by between-breed differences is amenable to 
the strategies proposed here with selection on markers based on line origin. As a result, the 
benefit of MAS using between-breed LD will be smaller than observed here. Nevertheless, 
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breed crosses between commercial lines have shown to result in substantial numbers of QTL 
based on between-breed LD, which would be amenable to MAS using the approach 
suggested here. In such crosses, to capitalize on within-breed variation, a polygenic effect 
should be fitted in addition to marker score effects. In addition to capturing linkage 
disequilibrium generated by the cross, markers can also be used to follow the co-segregation 
of markers and QTL within families by adding a random QTL variable following Perez-
Enciso and Varona (2000). Adding a polygenic effect had limited impact on results observed 
s.  
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